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ABSTRACT 
 
The use of hospital emergency departments (EDs) for conditions considered treatable in a 
primary care setting (PCED conditions) has become an increasingly prevalent health care 
inefficiency in the United States, leading to suboptimal primary care, significant ED 
overcrowding, and substantially increased costs to both payer and provider. Previous studies 
have attempted to untangle the various contributing factors to such misuse, including 
sociodemographic, health, and insurance status variables. While a few studies have integrated 
geographically-informed components into their analyses such as urban vs. rural distinction of 
hospital, no studies of misuse of EDs for PCED conditions were identified that utilized 
geographic information systems (GIS) to understand the locations of residents who are prone to 
this misuse as well to understand the contributions of spatially-derived health care accessibility 
indexes toward this misuse.  
Therefore, to determine the contribution of both spatial and non-spatial variables to 
PCED utilization, a multilevel logit regression was fit to over 750,000 ED diagnoses 
from four academic hospitals in Chicago. This research found strong geographic 
clustering of PCED utilization in the Chicago study area. Additionally, results showed 
that individual-level variables such as gender, race, ethnicity, insurance status, and age 
were associated with PCED utilization, as were area-level variables such as living in 
areas with low access to primary care clinics and areas of medical underservice. Overall, 
this research points to the importance of including geography alongside individual 
sociodemographic attributes into a multilevel study of PCED utilization and demonstrates 
the utility of using GIS to analyze clinical data for population health research in an urban 
setting.    
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CHAPTER 1 
INTRODUCTION 
Trends in Primary Care Treatable Emergency Department Visits 
The use of hospital emergency departments (EDs) for conditions considered treatable in a 
primary care setting has become an increasingly prevalent health care inefficiency in the United 
States, leading often to suboptimal health outcomes for affected populations; high costs to 
payers, patients and providers; and significant ED overcrowding. Utilization of EDs for primary 
care treatable conditions (henceforth referred to as PCED conditions) has increased in the United 
States compelling EDs to move beyond treating only emergent illnesses and injuries to cover a 
wider range of responsibilities such as providing medical care for patients without insurance, or 
providing primary care to insured patients on nights and weekends when their primary care 
physician is unavailable (Newton et al, 2008; Institute of Medicine, 2006). This increase presents 
significant challenges for patients and health care providers, and further increases will prove 
unsustainable for our health care system.  
The purpose of this research is to understand the geographic patterning of PCED 
utilization in the Chicago area, as well as to understand what social and geographical factors are 
significantly associated with PCED utilization. This study combines a large clinical dataset 
consisting of ED admissions from four hospitals in Chicago with spatial data such as locations of 
primary care physicians and clinics to model contributing factors to PCED utilization. A 
multilevel random effects logit regression model is used to examine association between PCED 
utilization and specific individual-level variables such as age, gender, race, and insurance status, 
as well as area-level variables such as spatial access to primary care offices and clinics and 
distance to nearest hospital. 
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While the majority of users of the ED do require emergency care with urgent, emergent 
conditions, a significant portion—anywhere from 8% (Johnson et al., 2012) to 25% (Simon et 
al., 2009) to one-third (Delia, 2006) depending on the classification of each study— visit the ED 
for potentially avoidable issues. Likewise, ED visits for potentially avoidable conditions by 
Medicaid enrollees have grown significantly and the implementation of Affordable Care Act in 
2014 is expected to stimulate even more growth (Johnson et al., 2012). Given the increased 
emphasis on improving outcomes and reducing costs in the U.S. health care system, limiting 
intensive, high-cost, hospital-based care for primary care treatable conditions is critically 
important (Johnson et al., 2012). As one indication of this, in their National Healthcare 
Disparities Report, the Agency for Healthcare Research and Quality (AHRQ) affirms that 
limiting preventable ED encounters holds promise for improving quality, reducing costs, and 
enhancing efficiency (Agency for Healthcare Research and Quality, 2011). 
Although EDs were originally designed to treat urgent, acute conditions, they 
increasingly handle a much wider range of health problems as a result of broad socioeconomic, 
demographic, and logistical issues, including an aging population, public awareness campaigns 
for patients to seek emergency care for heart attacks and strokes, and liability concerns that 
encourage primary care physicians to refer more patients to the ED (Newton et al., 2008). Until 
the recent adoption of the Affordable Care Act (ACA) the number of people who were uninsured 
or had inadequate health insurance coverage was high due to a complex array of economic, 
social, and political forces.  Lacking a regular source of primary health care, these people are 
more likely to use the ED as a last-resort health care provider.  At the same time, EDs are 
required to serve these patients:  the 1986 Emergency Medical Treatment and Active Labor Act 
mandated that EDs located in Medicare-participating hospitals treat all patients regardless of the 
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patient’s financial accountability, legal status, or citizenship (Johnson et al., 2012; United States 
General Accounting Office, 2001). Thus, a growing number of patients are using the ED for 
conditions that would not normally warrant emergency care. Many of these PCED patients either 
have no regular health care provider or no health insurance. With no other primary care options, 
often they often visit the ED for chronic conditions such as joint pain or acute sinusitis, 
conditions which can be effectively treated by a primary care physician.  
Consequences of PCED Visits 
The increasing use of EDs for PCED conditions has significant consequences for the 
health care system of the United States, namely suboptimal access to primary care, poor health 
outcomes, high costs, and hospital overcrowding. The foremost driver of this research is that use 
of the ED for PCED conditions is a proxy for poor access to primary care and EDs are 
inadequate places for delivering the primary care that many patients need (DeLia, 2006). People 
use the ED for PCED conditions because they have no other affordable or convenient source of 
primary health care. Research shows that better access to primary care results in fewer 
hospitalizations for those conditions (Laditka et al., 2005). Thus, disproportionate use of EDs for 
primary care treatable conditions by certain populations may indicate inequalities in primary care 
access and quality (Johnson et al., 2012). Gill et al. (2000) found that continuity of primary care 
is associated with a lower likelihood of ED admissions, and emphasized that improving primary 
care could reduce ED visits and insurance costs. Additionally, when patients seek care at an ED 
for PCED conditions they face a lack of continuity in primary care which also exacerbates their 
chronic health problems (Billings et al., 2000). That is, patients who use the ED multiple times 
are unlikely to see the same provider and thus are unlikely to be treated by someone who is 
aware of their current treatment status. 
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Not only are PCED conditions a proxy for poor primary care, but they have substantial 
implications for the economics of hospital services. A study on the cost of ED usage in Charlotte, 
North Carolina found that charges for the same diagnoses were 69-86% lower in primary care 
settings than in EDs and that, in general, primary care preventable conditions in the ED were 
expensive for patients and insurance companies netting charges of $125 million (McWilliams et 
al., 2011). Similarly, studies have estimated that, compared to treatment in the ED, costs of 
treating PCED conditions would be substantially less at alternative care sites, namely urgent care 
centers or retail clinics, potentially saving the entire US health care system $4.4 billion annually 
(Weinick et al., 2010). When discussing cost it is important to recognize that misuse of the ED 
for PCED conditions leads to an economic burden not just for payers, but also for hospitals. The 
same study from Charlotte, North Carolina found that this specific hospital system lost $6 
million to treating potentially preventable diagnoses and $154 per preventable visit by uninsured 
patients (McWilliams et al., 2011). Such findings suggest that hospitals benefit when EDs can 
focus on treating urgent and emergency conditions, rather than those potentially treatable in other 
settings.  
Finally, in part due to the influx of patients with PCED conditions, EDs are experiencing 
significant levels of overcrowding, seeing 100 million adults and 30 million children annually in 
the United States, levels which put significant strain on ED resources, such as manpower, space, 
and funding (Simon et al., 2009). EDs are seeing growing numbers of admissions due to issues 
such as population growth, increasing numbers of PCED visits from uninsured and those lacking 
access to primary care, and as a result EDs have had difficulty keeping up with the demands on 
facilities, resources, and personnel (American Academy of Pediatrics, 2004). Thus, 
overcrowding may lead to poor quality of care for both patients with emergency and non-
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emergency conditions and potentially to poor health outcomes.  Although care for non-
emergency conditions can often be delayed to make room for more urgent issues, patients with 
primary care treatable conditions must still be registered and triaged, actions which divert crucial 
time and resources (DeLia, 2006). This ultimately places stress on ED staff, and in aggregate 
diverts crucial resources from those truly requiring emergency services to those who have more 
long-lasting, chronic conditions. Ultimately, while EDs should be a safety net type of care for 
last resort conditions, frequent potentially preventable visits are working to unravel this safety 
net for those who need it most.  
Recent Studies of PCED Visits 
Previous studies have attempted to untangle the range of issues associated with this 
misuse of hospital resources and identify the types of populations most prone to high levels of 
PCEDs. Many studies have analyzed the association between demographic and socioeconomic 
characteristics of patients and their propensity to visit the ED for primary care treatable 
conditions, analyzing variables such as education, income, race, and insurance status. Generally, 
less education is linked with less health knowledge and in turn a less-informed knowledge of the 
health care system overall. As a result, areas with more residents that did not graduate high 
school have been found to have higher rates of PCEDs both in a national study of urban and rural 
counties (Laditka et al., 2005) and in urban ZIP codes of California (Bindman et al., 1995). 
PCED use is also high in areas with high concentrations of racial and ethnic minority populations 
(Johnson et al., 2012; Laditka et al., 2005; Mcwilliams et al., 2011). With respect to income, a 
higher percentage of low-income households in New York City was associated with high rates of 
hospitalizations for conditions potentially responsive to timely and effective outpatient 
management (Billings et al., 1993). Additionally, the authors found that income was the most 
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powerful predictor of preventable hospitalizations. However, Laditka et al. (2005) caution that 
potentially avoidable hospitalizations may also manifest at higher incomes as preventable 
hospitalizations may reflect fewer financial barriers to care in the ED for those who can afford 
the high costs of treatment. Such findings are also noted in Oster and Bindman (2003), who, 
examining the National Hospital Ambulatory Care Survey data, found that uninsured patients 
were underrepresented among ED admissions, likely due to financial barriers to ED care. 
Additionally, researchers have analyzed ED utilization exclusively at the individual level, 
identifying a combination of attributes associated with higher rates of ED use for PCED 
conditions. For example, another study analyzing the National Hospital Ambulatory Care Survey 
data points to higher use by those who were female, non-Hispanic black or Hispanic, older, or 
publically insured (Johnson et al., 2012). Additionally, Oster and Bindman (2003) found that 
black persons and Medicaid recipients had disproportionately high rates of potentially 
preventable ED visits, even after controlling for the cumulative prevalence of preventable 
diagnoses. Although results are likely to vary by study and study area, it is clear that researchers 
have been able to identify specific groups most prone to preventable ED use.  
Therefore, many previous studies have given useful insights into the types and 
characteristics of populations most prone to PCED use; however, only a handful of studies have 
taken the geography of health care into account in their investigations. Geospatial analyses of 
socioeconomic and spatial variations in PCED use can help us ascertain the factors that drive 
people to use medical facilities and resources, both appropriately and inappropriately. As 
compared to standard, tabular statistical analyses that reveal merely what or why health 
phenomena are occurring, a spatial analysis allows us also to understand where these events 
occur and may even give more informed evidence about why events occur as well. Such an 
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enhanced analytical perspective holds great potential for research in the public health and health 
care domains. In these domains spatial analyses aided by geographic information systems (GIS) 
technology have become increasingly useful for examining diverse health-related issues: 
investigations into identification and classification of chronic and infectious disease clusters; 
causes and effects of environmental exposure; monitoring and evaluation of public health 
interventions; association between health outcomes and socioeconomic variables (Jacobs, 2012); 
and investigations into patterns of health care utilization and access. Thus, incorporating 
geography into analyses of PCED use has the potential to add a layer of analytical, geographical 
insight to the issue which was missing from past research.   
The research studies which have included geography as part of their analysis present a 
range of geographic approaches. Researchers have created maps of primary care preventable ED 
and hospitalization distributions among local areas, as in the study by Gresenz et al. (2009) that 
mapped the distribution of primary care preventable ED rates within Baltimore. Additionally, 
Dulin et al. (2010) created a map of primary care preventable ED visits in Mecklenburg County, 
North Carolina as one of several attributes to help assess community primary care need from a 
geographic perspective. Although not producing maps as part of their analysis, Johnson et al. 
(2012) examined national survey data of ED visits and incorporated geographic characteristics 
such as US census region, metropolitan vs. rural classification for the hospital, and patient ZIP 
code into their statistical analyses to begin to address the geographical components of 
preventable ED visits. Similarly, Basu and Friedman (2001) examined how an inadequate local 
supply of primary care in the State of New York affected spillover into admissions to out-of-area 
hospitals in Pennsylvania, New Jersey, and Connecticut and took into account distance to 
hospital as an independent variable in the analysis. Finally, Miranda et al. (2013) discussed using 
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GIS to identify hot spots of ED usage in Durham, North Carolina and employed a mixed-effects 
logistic regression to predict odds of misuse.  
These studies are instructive for mapping primary care treatable ED visits and giving 
initial indicators of how geography might influence PCED utilization. In order to more 
accurately understand the spatial distributions of where people live who use EDs for PCED 
conditions, my research builds on these studies by using GIS to develop geographically-derived 
indices of primary care accessibility and use the indices in assessing the associations between 
local access to primary care and PCED visits. My research utilizes spatial analyses to understand 
if significant geographic clusters of PCED usage exist and how patients’ reliance on PCEDs is 
related to their spatial access to primary care. Then, both socioeconomic characteristics of 
neighborhoods and the local availability of primary care are combined in a multilevel logit 
regression in order to judge the relative contributions of both spatial and non-spatial predictors of 
PCED use. Overall, I hypothesize that people with poor spatial access to primary care in their 
neighborhoods are more likely to use the ED for non-emergency health conditions. Incorporating 
GIS into an analysis not only has the potential to provide more accurate estimates of primary 
care accessibility and distribution of PCED patients, but also offers the ability to give specific 
recommendations for future establishment of new primary care clinics and offices once all 
significant factors are taken into account.  
This thesis is divided into four additional chapters. Chapter 2 presents a literature review 
of research topics and themes relevant to this study. Chapter 3 presents the data as well as the 
spatial and statistical methods used to examine PCED conditions in Chicago. Chapter 4 presents 
the results of all analyses in the research, and Chapter 5 contains a conclusion to the research 
findings as well as a discussion of limitations to the study. 
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CHAPTER 2 
LITERATURE REVIEW 
This chapter presents a review of the literature relevant to examining PCED utilization in 
Chicago. The first four sections of the chapter highlight important research concepts and themes 
from four different subtopic areas: health inequalities in cities, neighborhoods and health, spatial 
access to care, and multilevel modeling. The final section of this chapter explains how this 
research fits into and advances the existing literature in this topic area. 
Health Inequalities in Cities 
The geography of health inequalities is a well-established field of health and medical 
geography, and lively debates continue to spring up among scholarly circles today. Given that 
much of this research project deals with inequalities in issues such as access to care, 
socioeconomic status, and health outcomes, it is important to review geographic research on the 
topic.  Detailing the long history of concern with the relationship between individuals’ health and 
the places in which they live, Smyth (2008) moves from works of Edwin Chadwick, John Simon, 
and John Snow of the mid-1800s that observed higher rates of disease in areas of high poverty, to 
more recent debates about widening health disparities in the 1990s and 2000s. In one specific 
example, Smyth points to a study by Davey-Smith et al. (2001) where 150 years’ worth of data 
in England has been routinely collected and in turn has permitted a look at health outcomes in 
different areas. During that time period, there was notable stability in geographic patterning of 
health inequalities, where people living in the north of England had higher rates of both mortality 
and morbidity than rural dwellers or people living in the south (Griffiths & Fitzpatrick, 2001; 
Townsend et al., 1992). Smyth, citing Boyle et al. (2004), also contends that health inequalities 
are likely to play a continued role in health geography research as experience from Britain and 
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the United States suggests that widening disparities in wealth are associated inequalities in health 
and mortality. 
Given the significance of research into health inequalities for medical geography it is 
important to acknowledge the most common recent debate in the study of health inequalities—
context vs. composition— and how this research project works with both components. The 
discussion of context vs. composition deals with understanding the driving mechanisms behind 
health inequalities. Contextual effects are differences in individual health outcomes that are 
observed at a lower level (e.g. individual or household), but can be attributed to the effects of 
variables at a higher level – variables depicting the environment or context for that lower-level 
unit – after controlling for certain individual-level confounders (Cromley & McLafferty, 2012; 
Diez Roux, 2003). By contrast, compositional effects are differences in a specific outcome that 
can be tied directly to characteristics of individuals making up the higher level contextual units 
(Cromley & McLafferty, 2012; Duncan et al., 1998). In general, contextual factors include 
characteristics of the physical, social and political environment that affect health, whereas 
compositional factors emphasize individual characteristics such as age and gender. 
Both methodological and technological advancements in the 1990s renewed interest in 
the role of contextual effects in shaping an individual’s health status (Macintyre et al., 2002; 
Smyth, 2008) as did interest in a ‘new public health’ that focused on both environmental and 
structural influences on health and health behaviors (MacKian et al., 2003; Smyth, 2008). The 
idea that individual characteristics are not the only drivers of health outcomes is a key premise of 
social epidemiology and has gained traction in health geography studies where a person’s 
environment is just as important a factor in their health as their individual characteristics 
(Cromley & McLafferty, 2012; Krieger, 2002).  
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Renewed interest in health inequalities has focused attention on the role of contextual 
factors in affecting population health  (Smyth, 2008; Susser & Susser, 1996a, 1996b).  In a 
landmark article on neighborhoods and health inequalities Macintyre et al. (2002) describe how 
for a long time researchers sought to establish a role of context in a model only after all 
individual characteristics have been taken into account, essentially treating context as a residual 
category or “an unspecified ‘miasma’ which somehow, but we do not know how, influence some 
aspects of health, health-related behavior or health risks in some population groups” (p. 129). 
More recently, researchers have made efforts to model contextual factors directly, often using 
GIS to represent specific environmental or contextual characteristics in addition to compositional 
characteristics. For example, Hiscock et al. (2008) explored whether travel time to the nearest 
primary care physician office and pharmacy in New Zealand predicted individual-level health 
service utilization. The authors calculated the distance between the population-weighted centroid 
of each census meshblock— the lowest administrative level where data is collected in New 
Zealand— and the nearest primary care physician office or pharmacy using network 
functionality in a GIS. 
While recently researchers have attempted to isolate contextual factors directly, it should 
be noted that some researchers also acknowledge that composition and context are inseparable 
and are mutually constituted— people create places and places create people. Macintyre et al. 
(2002) provide three reasons why separating context from composition may be difficult in 
practice.  The authors note that (1) the distinction between composition and context may be more 
apparent than real; (2) individual controls introduced into multivariate analysis may be 
intervening variables on pathways between health and place, not necessarily confounders; and 
(3) a lack of clear theorizing about the mechanisms which may link location of residence and 
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health may form the basis for selection and interpretation of variables (Macintyre et al., 2002). It 
is important to consider these potential difficulties in separating context and composition when 
designing a model. 
Turning to specific drivers of health inequalities, socioeconomic disparities are critically 
important in influencing health inequalities.  Research has shown that people living in areas with 
low income tend to have poorer health outcomes than those living in high-income areas. Likely 
the reason for this is that income contributes to overall well-being by providing access to 
resources such as food, education, housing, and proper medical care (Cromley & McLafferty, 
2012; Krieger et al., 2003). Previous research has corroborated this concept by showing that 
income is inversely related to poor health in a non-linear way and that both individual incomes 
and the income levels of the areas in which people live are associated with health outcomes 
(Jones et al., 2004).    
Aside from income, researchers use other indicators such as race, gender, education and 
health care access to understand health inequalities in cities. Race and ethnicity appear frequently 
in studies of health disparities in cities. Some racial minority groups have poorer health 
outcomes than the majority population, reflecting socioeconomic and environmental factors 
associated with the minority group’s marginalized position.  Residential segregation by race and 
ethnicity has also been linked, both positively and negatively, to health outcomes for the 
minority and majority population (Ash & Robinson, 2009; Deaton & Lubotsky, 2003). Gender 
has been incorporated into studies of health alongside other socioeconomic indicators, as for 
instance a study by Thurston et al. (2005) showed, among other things, that having a lower 
education was a significantly higher predictor of coronary heart disease for women than for men. 
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Finally, researchers have also used health access as both a measure of health inequalities 
and as a determinant of those inequalities. Ricketts (2009) points to the ‘inverse care law’ as a 
significant driver of health access inequalities. First observed by Tudor Hart in 1971, this theory 
suggests that the availability of health services and resources varies inversely to need (Hart, 
1971) – people who need services the most have the least access to them. Tested and observed so 
often, inequalities in access to health care have become a political symbol, such that when 
politicians propose a system to assure equal access to health care, indicators of access to health 
care are used as a goal or sign of progress (Ricketts, 2009; Stone, 1997). 
Neighborhoods and Health 
While the idea that an individual’s environmental context matters for health outcomes is 
not new as it has existed since the Hippocratic tradition of medicine of the ancient Greeks 
(Cummins, et al., 2007), since the 1990s there has been renewed interest in looking at the 
contextual and neighborhood level factors which, in addition to individual level factors, play into 
health outcomes (Cummins et al., 2007). A few landmark studies have argued that place does 
indeed matter for health outcome variations and that it is just as important to understand 
neighborhood-level factors as individual-level factors. In 1998 Diez Roux wrote a piece in the 
American Journal of Public Health suggesting, among other things, that by ignoring the role of 
macro- or area-level variables researchers may obtain an incomplete understanding of the 
determinants of disease in both individuals and populations, seeing that many individual 
variables are affected by environmental conditions. Diez Roux suggests multilevel analysis as 
one way to overcome this deficiency given that the process of disease causation extends beyond 
the individual to include interactions between individual- and macro-level variables.  
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Echoing Diez Roux (1998), Macintyre et al. (2002) suggest that for a long time few 
researchers attempted to hypothesize and test which features of the local physical or social 
environment may affect health. By not attempting to model context specifically, researchers in 
effect were placing context into a residual category “containing those factors influencing human 
health behaviors or health which remain once every imaginable individual characteristic is taken 
into account” (Macintyre, et al., 2002, p. 129), and in doing so were not fully accounting for the 
idiosyncrasies of the neighborhood-level approach. The authors present a multi-faceted 
framework for what constitutes a healthy neighborhood and suggest that investigators attempt to 
hypothesize and test specific area-level pathways that might influence health. Both Diez Roux 
and Macintyre et al. therefore paved the way for incorporating area- or neighborhood-level 
variables into health studies, suggesting it is too simplistic to suggest that all health-related 
pathways exist purely at the individual level.  
In line with the ideas of Diez Roux and Macintyre et al., in the past few decades both 
researchers and policymakers have become increasingly aware of the effects, both positive and 
negative, that neighborhoods have on the health of their residents (Bell et al., 2013). Bell et al. 
(2013) have pointed to a number of different neighborhood and health studies showing a strong 
relationship between neighborhood characteristics and health outcomes ranging from low birth 
weight and infant mortality (O’Campo et al., 1997; Szwarcwald et al., 2002) to cardiovascular 
disease and other chronic conditions (Diez-Roux et al., 1997; Sundquist et al., 2004), to stress 
and depression (Boardman et al., 2001; Matheson et al., 2006), and finally health-related 
behaviors (Duncan et al., 1999; Kleinschmidt et al., 1995). The range of applications points to 
the importance of investigating neighborhood effects on various health outcomes in addition to 
focusing on individual-level components.  
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One of the most common indicators used in assessing neighborhood-level influence is 
socioeconomic status. Socioeconomic status at the neighborhood scale describes the typical 
social (e.g. education, ethnicity) and economic (e.g. income, poverty) characteristics of 
neighborhood residents.  For example, Kirby and Kaneda (2005) demonstrate a clear link 
between neighborhood socioeconomic disadvantage as measured through poverty, 
unemployment, and low levels of education, and decreased likelihood of having a usual source of 
primary care. Similarly, Prentice (2006) found a significant association between neighborhood 
social characteristics such as education level, residential stability, smoking, and various measures 
of social capital on having a regular source of primary care. Additionally, other research cited by 
Bell et al. (2013) has proven a significant link between community perceptions of crime and 
safety, as well as social ties and networks on health outcomes (Berkman & Glass, 2000; 
Kawachi, 2000).  
Other research has looked more specifically at proximity to health-inhibiting and health-
promoting resources. Researchers have examined the influence of resources such as fast food 
outlets and grocery stores on obesity (Lopez, 2007) as well as the influence of alcohol outlet 
density on violent crime (Britt et al., 2005). Additionally, researchers have analyzed the 
influence of the presence of parks and recreational spaces on physical activity (Giles-Corti & 
Donovan, 2002) as well as the effects of built environment factors such as density of places of 
employment, household density, green and open spaces for recreation, and street intersections on 
walking activity in senior residents (Li et al., 2005). Finally, researchers have explored the 
association between living near Toxic Release Inventory facilities and asthma (Maantay, 2007).  
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Spatial Access to Care 
As a concept, spatial access to health care is one of the most foundational threads of 
theory for this research. That is, understanding how geography affects and relates to access to 
health care at all settings is an important theoretical driver of this analysis. In his chapter 
Accessing Health Care, Ricketts suggests there is formal recognition that individual health is 
affected by the relationship between people and their lived spaces (Ricketts, 2009). Citing Shi 
(1992) and Starfield and Shi (2002), Ricketts contends that the population-level relationship 
between access and health outcomes can also be examined (Ricketts, 2009). A better 
understanding of population-level phenomena therefore drives knowledge of inequalities in 
access to care, inequalities which in turn have been linked to unfavorable health outcomes 
(Ricketts, 2009). Ricketts points out that due to the weight of evidence linking access to care and 
health outcomes, the World Health Organization International Conference on Primary Care in 
1978 stated that primary care should be located as close as possible to places that people live and 
work as this is the first element of a continuing health care process (Ricketts, 2009; International 
Conference on Primary Health Care, 1978). Ricketts notes that, for the most part, geographers 
have relied on frameworks outside the discipline of geography, often from affiliated areas such 
as medical sociology and policy sciences, in the study of health care access (Ricketts, 2009). 
However, recent advancements in GIS and spatial analysis are beginning to reverse this trend 
and highlight spatial access to care as a viable thread of spatial research unto itself.  
Using GIS allows for modeling of area-level factors that are crucial for understanding 
access to care at the population level, for example, the concept of distance decay. Distance decay 
refers to the process where people’s interactions with health care tend to decrease with increasing 
distance, normally due to added, time, cost, and effort with traveling greater distances, as well as 
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unfamiliarity with areas farther away (Cromley & McLafferty, 2012). Studies in a variety of 
contexts have confirmed that increased distance leads to decreased health care utilization. For 
example, Fortney et al. (1999; 1995) showed that increased travel distance affects utilization of 
mental health and alcoholic treatment services, while Nattinger et al. (2001) found lower levels 
of breast cancer treatment utilization when distance to services was higher. GIS also permits 
researchers to understand how distance decay is affected by different types of population 
characteristics, as populations with varying socioeconomic resources and access to transportation 
have different abilities to overcome travel barriers (see Arcury et al., 2005). Additionally, GIS 
can show how distance decay may be affected by local environmental characteristics. For 
instance, Tarlov et al. (2009) found that high local crime rates around areas of mammography 
service led to higher odds of a later stage breast cancer diagnosis, while overall distance to the 
facility had no effect.   
GIS has also been important for developing advanced measures of local spatial 
accessibility to health services.  A good example is the 2-step floating catchment method 
developed by Luo and Wang (2003).  This method was devised in part to improve on regional 
availability models by modeling local physician supply to demand ratios through the use of 
fixed-size, floating windows or catchments. The 2SFCA method has several benefits, namely 
permitting direct comparison between provider supply and demand, being sensitive to locally 
low areas of accessibility which are overlooked in regional availability measures, and being 
relatively easy to use for health researchers (Bell et al., 2013). Still, despite its benefits, the 
2SFCA has some notable limitations. Bell et al. (2013) note that using only one threshold size 
may underestimate accessibility in some rural areas while overestimating accessibility in smaller 
urban areas. Additionally, Luo and Wang (2003) acknowledge that their 2SFCA method does not 
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differentiate between populations with and without personal vehicles for transportation to a 
provider’s office location. The importance of transportation is corroborated by Ricketts (2010) 
who, citing Lovett et al. (2002), suggests that transportation opportunities facilitate patients’ 
access to medical services and thus should be reflected in indices of spatial access to care.  
Despite these limitations, the 2SFCA method, and related spatial accessibility measures such as 
kernel density estimation, have been highly influential in modeling detailed, local variations in 
access to health services (Guagliardo 2004). 
Perhaps the best way of understanding how spatial access fits in with the idea of access to 
care overall is through the taxonomy of health care access studies as first described by Khan 
(1992) and reproduced by Guagliardo (2004) in Figure 1. 
Figure 1: Taxonomy of Health Care Access Studies 
 
Guagliardo breaks down accessibility into four quadrants based on potential vs. realized stages of 
study and spatial vs. aspatial dimensions. Potential accessibility refers to situations when a needy 
population coexists in space and time with a willing and able health care delivery system, while 
realized care—or actualized care— refers to when all barriers to access are overcome and there 
is actual utilization (Guagliardo, 2004). The difference between spatial and aspatial access is that 
spatial access is conditioned by a locational or distance variable often manifesting as a barrier or 
facilitator, and aspatial access depends on non-geographic variables that represent characteristics 
of individuals or communities (Khan, 1992).  These distinctions are commonly cited in the 
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research literature as researchers emphasize potential or realized access and spatial or aspatial 
access (Luo & Wang, 2003; Bell et al. 2013).  
Multilevel Modeling 
The literatures on health inequalities and neighborhoods and health argue that people’s 
health, and their health service utilization, are influenced by a wide range of socioeconomic and 
geographical factors at a range of spatial scales, from the individual to the neighborhood, city, 
and national scales.  In recent decades, multilevel modeling has become a choice method for 
understanding these complex, multiscalar effects and for examining health disparities (Cromley 
& McLafferty, 2012; Diez Roux, 2000). Though the term ‘multilevel’ as an adjective may take 
on slightly different meanings, Subramanian et al. (2003) describe multilevel modeling as an 
analytical perspective where factors that affect outcomes are viewed as simultaneously operating 
between the level of individuals and the level of contexts. This definition of multilevel modeling 
is used in this research as well. 
Overall, multilevel modeling allows researchers to separate out contextual effects from 
effects of population characteristics by simultaneously modeling interactions between all levels 
in a population hierarchy (Tunstall et al., 2004). By using a multilevel model, health geography 
researchers are able to detect the influence of place and environment separately from individual 
characteristics, and better understand what specific factors are related to health outcomes.  Figure 
2, reproduced from Subramanian et al. (2003) provides an illustrative graphical representation of 
how multilevel modeling is used with different levels of complexity compared to a one-level 
model.  
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Figure 2: Single Level and Multilevel Graphical Representations 
 
Using the parameters of this research as an example, the first graph shows the slope for a fixed 
intercept, fixed slope model, where only individual-level factors are considered in an analysis of 
PCED utilization and area-level factors are ignored. By contrast, the second graph shows the 
relationship between individual factors and PCED use varying among ZIP codes, so the lines are 
at varying distances (and thus intercepts) from the average underlying relationship, shown in the 
thicker line (Subramanian et al., 2003). The parallel lines show that, while the overall 
relationship between ZIP code and PCED utilization is the same, certain ZIP codes are likely to 
have uniformly higher or lower levels of PCED utilization than others. Differences between ZIP 
codes can also be modeled by incorporating ZIP code-level variables such as spatial access to 
primary care.      
Multilevel modeling has become popular among researchers in part because of its ability 
to model the interrelationships between people and their place environments. Duncan et al. 
(1993) contend that traditional medical geography research used geographic space too simply, 
mostly as a way to order data and as a framework for identifying associations (also see Jones & 
Moon, 1987). According to the authors, what is missing is a conceptualization of people as 
agents but also people as agents influenced by where they live. Such ineffectiveness aligns with 
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researchers contending that context should be considered simultaneously with composition, not 
just as a residual component. From a theoretical perspective then, multilevel modeling 
contributes to “a place-sensitive medical geography and the debunking of crude regional 
stereotypes of health related behavior” (Duncan et al., 1993, p. 732). 
From a more statistical perspective multilevel modeling also has a range of benefits to 
researchers. Multilevel analysis can be used to avoid ecological fallacies, as well as to address 
the reverse problem of atomistic fallacy. Ecological fallacy is committed when results at an 
aggregated level are used to infer individual behaviors, while atomistic fallacy is committed 
when modeling the behavior of individuals does not account for the context in which the 
individual is situated (Lloyd, 2011). Explaining the utility of multilevel modeling, Subramanian 
et al. (2003) point to the fact that when individual data are aggregated to an area-level, 
information is lost and there is less statistical power. Similarly, if data are disaggregated to the 
individual level, but are not independent of each other, the dependencies can produce biased 
results. Additionally, the same authors speak to the fact that standard statistical approaches often 
cannot deal with heterogeneity because they either operate on the same level or focus on 
modeling average relationships (Subramanian et al., 2003). By contrast, multilevel modeling 
accounts for hierarchical and overlapping contexts. As one general example, individual health 
behaviors are not merely affected by the characteristics of their own neighbhorhood, but also by 
characteristics of the cities or regions in which the neighborhood is situated (Subramanian et al., 
2003). 
Aside from the clear statistical benefits of utilizing multilevel analysis for health 
geography research, there are also more specific benefits for health disparities research. Smyth 
(2008) provides a sizable list of research studies which, in using multilevel analysis, improve on 
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earlier ecological studies that were not well suited to separate individual- from contextual-level 
effects. For example, research on the association between income inequality and health status at 
the area level was unable to disentangle the effects of individual income from contextual effects 
of income inequality (Smyth, 2008; Wagstaff & van Doorslaer, 2000). By contrast, multilevel 
analysis has allowed researchers to simultaneously assess the contributions of both individual-
level income effects and contextual-level income effects (Smyth 2008; for example, Diez Roux 
et al. 2000; Subramanian et al. 2005; Subramanian et al., 2001).  
Multilevel analyses and methods are not without controversy, however, and it is 
worthwhile to be aware of potential limiations. Some scholars have suggested that much of the 
statistical power and results of multilevel analysis are dependent on how individual or area level 
characteristics are defined (Smyth, 2008; Tunstall et al., 2004). Additionally, scholars have noted 
that some aspects of the modeling can be arbitrairly defined and determined, namely by choosing 
which characteristics of place matter most for health behavior and health outcomes (Smyth, 
2008; Cummins et al., 2005) and by adopting a dichotomous view of place (Smyth, 2008; see 
Galobardes et al., 2006). Subramanian et al. (2003) also assert that there can be problems if a 
single model is fitted to all neighbohoods, which in turn is likely to suppress contextual 
differences that may underlie average relationships. Finally, from a specifically spatial 
perspective, one weakness of multilevel modeling is that spatial effects are not always explicitly 
addressed. If neighborhoods are contiguous, spatial autocorrelation may be present, manifested  
in clusters of features such as poor neighborhoods in a given area (Cromley & McLafferty, 
2012).  Although multilevel modeling offers a powerful way to model both individual- and area-
level attribtues, it is important to consider such limitations when designing a model. 
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Contribution to Existing Literature 
This research conceives of PCED use as a multilevel phenomenon that is influenced by 
individual and contextual factors. The individual factors include age, race, gender, and insurance 
status- factors known to influence health disparities and health services utilization. The 
contextual factors include detailed measures of spatial accessibility to primary care services 
including local availability of primary care physicians and clinics, distance to nearest hospital, as 
well as location in a designated area of medical underservice or area with a shortage of 
physicians. Modeling PCED use as a multilevel phenomenon therefore allows PCED use to be 
explained by individual characteristics, as well as spatial barriers to primary care access, which 
results in a model with more explanatory power than a standard, individual-level regression. 
Given the importance placed on health care access in this study, it is important to 
delineate the focus of this research with respect to the taxonomy developed by Khan (1992) 
(Figure 1). This research focuses primarily on the spatial dimension, but also considers some 
aspatial ZIP-level variables such as median household income and percent of ZIP code 
population with a bachelor’s degree. With respect to the typology of accessibility, this research 
attempts to understand realized spatial accessibility, as actual ED visits for PCED (realized 
access) are the main topic of interest, but with GIS measures of potential spatial access as 
explanatory variables.  By straddling the categories proposed by Khan (1992) and Guagliardo 
(2004), this research is well-suited to analyze the impact of various barriers to proper use of the 
ED by examining the contributions of both spatial access variables and individual- and 
contextual-level, aspatial variables such as age, gender, race, ethnicity, education levels, and 
insurance status. Bell et al. (2013) trumpet the benefits of using potential access to inform 
realized access and the mechanisms between the two categories as this research does: “There is a 
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need for ongoing research demonstrating how potential access is related to realized access and 
how it is moderated by individual characteristics to influence decision making and overall health 
outcomes” (p. 101). 
Given that this research uses potential access in part to understand realized access, it is 
useful to lay out two assumptions regarding potential spatial access to care that are adopted in 
this research: (1) better access to care comes with closer physical proximity, and (2) areas with 
more health care services have better access. In addressing the first assumption, it should be 
noted that spatial access as a whole is most often defined in terms of distance to care in a 
physical sense; that is, as locational proximity of services measured by distance or time 
(Ricketts, 2009). Many previous studies show that proximity to care affects both the quantity and 
quality of health service use. Hiscock et al. (2008) confirm that increased distance to care results 
in lower utilization of health care providers and Rosenberg and Hanlon (1996) reaffirm the 
validity of this assumption and point to the book of Joseph and Phillips (1984) which provides 
many examples of how physical distance to care is operationalized in health research.  
In addressing the second assumption, it should be noted that a traditional way of looking 
at spatial availability is through a provider-to-population ratio within a given areal unit, for 
example, the number of general practitioners per 1,000 population (Bell et al., 2007). Many 
studies have used such a method to examine potential availability of health care (see Kindig & 
Movassaghi, 1989; Rosenthal et al., 2005). While scholars have noted specific limitations of this 
approach alone as a method to assess spatial availability (Luo & Wang, 2003, Joseph & Phillips, 
1984), the concept of measuring supply of physicians relative to demand is important in 
informing more spatially accurate analytical methods, as a higher supply of physicians has been 
linked with lower rates of potentially preventable hospital admissions (Laditka et al., 2005).   
25 
 
Finally, this research makes use of common socioeconomic and spatial indicators of 
health inequalities to determine if such indicators affect PCED utilization in Chicago. By 
incorporating GIS this research is well suited to visualize and estimate area-level differences in 
health inequalities, especially those related to spatial access to primary care and other 
community-level health resources. GIS is used in computing spatially-detailed measures of 
spatial access that improve upon those adopted in existing PCED research.  Additionally, 
combining socioeconomic variables and spatially-derived health access variable with techniques 
of multilevel modeling provides an accurate assessment of the pathways to improper use of the 
emergency department for non-emergency conditions, both from an individual and a spatial 
perspective.  
Overall, I hypothesize that PCED utilization is affected by characteristics at both the 
individual and neighborhood level. At the individual level, I expect there to be higher levels of 
PCED utilization among people who lack health insurance, are older, and are racial/ethnic 
minorities as these groups have been shown to face many health barriers and have limited access 
to regular and preventative care. At the neighborhood level, I expect there to be higher levels of 
PCED utilization among people living in areas with lower levels of spatial primary care access— 
in reference to primary care physicians and clinics— as these people have few locally-available 
options for obtaining primary care.  
In conclusion, this chapter has presented a review of the literature relevant to 
understanding PCED utilization in Chicago, namely in the areas of health inequalities in cities, 
neighborhoods and health, spatial access to care, and multilevel modeling. Additionally, this 
chapter has demonstrated how this research fits in with existing literature in this area, and how 
this research also advances our understanding of PCED utilization.     
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CHAPTER 3 
DATA AND METHODS 
This chapter presents the data and methods used in analyzing PCED utilization in 
Chicago. The chapter begins with a discussion of the study area for this research. Following that, 
the next section describes the data on ED utilization that was used in examining PCED use, as 
well as other area-level socioeconomic and health care access data used in the analysis. The next 
section introduces spatial methods for exploring the geographic patterning of PCED use in the 
study area. Finally, this chapter describes the multilevel regression model used to examine PCED 
utilization along with the individual and ZIP code factors used as predictors in the regression. 
Study Area 
The geographic focal point of this research is the City of Chicago, IL, and its home 
county, Cook County. Chicago has the third largest population of any city in the United States 
with an estimated city population of 2.7 million in 2012, 5.2 million in Cook County  
(Northwestern University, Center for Healthcare Equity, 2011; American Community Survey, 
2011), and 9.5 million in the entire Chicagoland area (United States Census Bureau, Population 
Division, 2013). With such a high population comes notable socioeconomic and racial/ethnic 
diversity. With its population being about 55% white in 2009, 25% black, 6% Asian alone, and 
24% Hispanic or Latino of any race (American Community Survey, 2011), the county is an 
excellent case study to look at racial and ethnic inequalities in health care accessibility and 
utilization. Additionally, there are a range of education attainment levels in Cook County, with 
40.9% of the adult population having a high school degree or less, 25.4 % with some college or 
associates degree, and 33.7% with a bachelor’s degree or higher (American Community Survey, 
2011). Likewise, significant economic disparities exist within the city, making it a good choice 
for examining how income-related socioeconomic variables may play a role in PCED utilization 
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(American Community Survey, 2011). Overall, this population diversity in Chicago is associated 
with wide health inequalities across the city. 
From the standpoint of health care services and access to care, Chicago is a good study 
area in that it has a range of health care providers throughout the city, namely major academic, 
public, and private hospitals; primary care physician offices; and a number of public and 
federally funded health clinics for low income residents. Whereas a mid-size or smaller city is 
likely to have many of these providers, the small numbers of providers and patients yield a much 
smaller sample size. The number, diversity, and geographical unevenness of health care 
providers permits a more accurate statistical model regarding ED utilization and a more accurate 
GIS-derived spatial accessibility index. Despite the volume of primary care services, Chicago 
also has significant areas designated as Health Professional Shortage Areas or Medically 
Underserved Areas, making it possible to analyze effects of primary care shortages on PCED 
utilization.  
Most significant of all, Chicago and Cook County are attractive sites for this study 
because of the availability of detailed clinical data on PCED shared between several academic 
hospitals in the city. The data are available through Chicago HealthLNK Data Repository, a 
partnership of several major academic and public hospitals in the city. A data-sharing partnership 
such as this allows for researchers to gain a nuanced look at ED utilization for different—and 
very heterogeneous—neighborhoods in the city.  
Overall, this research will examine spatial variations in PCED visits in the study area 
described above, as well as analyze associations between the likelihood of PCED visits and both 
individual-level factors and area-level factors such as spatial access to primary care physicians 
and clinics and socioeconomic status characteristics of ZIP code populations. 
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Clinical Data  
The clinical dataset used in this research was obtained with institutional review board 
approval from the Chicago HealthLNK Data Repository (HealthLNK), a fully operational health 
data exchange composed of both merged and de-duplicated patient electronic health records from 
seven major health institutions in the Chicago metropolitan area. HealthLNK includes 
demographic and clinical visit data from five academic medical centers in Chicago (Loyola 
University Medical Center, Northwestern Medicine, Rush University Medical Center, University 
of Chicago Medical Center, and University of Illinois at Chicago Medical Center), a large county 
health care system (Cook County Health and Hospital Systems), and two networks of community 
health centers in the area (Alliance of Chicago, Mile Square Health Centers).  It should be noted 
that only four of these organizations, all HealthLNK hospitals, contributed their records to the 
specific data used in this analysis, so the analysis is based on a limited number of major 
hospitals. Unfortunately, due to hospital data disclosure preferences, it is not possible to know 
which hospitals did not submit data. 
The complete dataset includes all ED patient encounters (visits) and associated diagnoses 
at the four contributing hospitals over five years, 2007-2011, totaling over 2 million diagnoses 
from billing and medical records of patients aged 12-87 at time of encounter. For each individual 
patient encounter at the ED it is possible to have multiple diagnoses; however, only one 
diagnosis for each encounter was the primary diagnosis, and the primary diagnosis was used as 
the indicator of PCED in this study. Additionally, if a patient revisited the ED several times over 
the five year span, each visit was recorded as a separate encounter and used as a separate 
observation in the multilevel models. Joined by a common patient ID variable, the dataset is 
composed of two merged data tables:  a demographics table, including age, gender, race, 
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ethnicity, insurance status, and ZIP code of patient; and a diagnosis table, including month and 
year of encounter, International Classification of Diseases Ninth Revision (ICD-9) diagnosis 
code, a unique encounter identifier, and a primary diagnosis flag to denote which diagnosis was 
the primary diagnosis. Demographic variables including residential ZIP code and insurance 
coverage did not incorporate change over time and therefore were constant for each patient 
throughout the dataset. However, patient age was calculated as the year of ED encounter minus 
the year of birth and therefore did change over time.  
From the original number of diagnoses, the data observations were reduced to remove (1) 
all of the medical record diagnoses as they were duplicates of the billing diagnoses, (2) all non-
primary diagnoses from each encounter, (3) all diagnoses with ZIP codes out of Cook County or 
ZIP codes that were missing or incomplete. When reduced to the Cook County border, 750,966 
diagnoses of 287,639 individuals from 156 ZIP codes remained. Similarly, data for the City of 
Chicago comprised 576,081 diagnoses of 204,099 individuals from 53 ZIP codes. 
Identifying PCED Diagnoses 
This research uses the primary diagnosis for each patient encounter as defined by the 
International Classification of Diseases Ninth Revision (ICD-9) to identify ED diagnoses that are 
considered PCED conditions. PCED conditions were classified based on the ED classification 
algorithm developed by Billings and colleagues at New York University (Billings et al., 2000; 
New York University, n.d.). The Billings algorithm has been used widely across research studies 
examining the types of conditions presented to EDs across the country. The algorithm has been 
used by academic and nonprofit researchers (Delia, 2006; Weinick et al., 2010; Begley et al., 
2006), the Centers for Disease Control and Prevention (Burt & Arispe, 2000), and has been 
statistically validated as accurately differentiating ED visits based on need for hospitalization or 
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mortality risk (Ballard et al., 2010). Billings and colleagues note that the algorithm is not well-
suited for actual triage in an ED environment, but is best for research purposes as is conducted 
here (New York University, n.d.). The Billings algorithm is the most accurate way of assessing 
primary care preventable ED diagnoses presenting to these hospitals.  Although previous studies 
have used different classifications (e.g. ambulatory care sensitive conditions) to study 
preventable hospital and ED utilization, the diagnoses identified in the Billings algorithm have 
the advantage that they are specific to the ED setting and are well-validated. 
For each diagnosis, the algorithm gives percentage values referring to the likelihood that 
the diagnosis is one of four different categories: 1) Non-Emergent/Primary Care treatable where 
“the patient's initial complaint, presenting symptoms, vital signs, medical history, and age 
indicated that immediate medical care was not required within 12 hours”; 2) Emergent/Primary 
Care Treatable where “treatment was required within 12 hours, but care could have been 
provided effectively and safely in a primary care setting”; 3) Emergent, ED Care Needed, 
Preventable/Avoidable where “emergency department care was required based on the complaint 
or procedures performed/resources used, but the emergent nature of the condition was potentially 
preventable/avoidable if timely and effective ambulatory care had been received during the 
episode of illness”; and 4) Emergent, ED Care Needed, Not Preventable/Avoidable, where 
“emergency department care was required and ambulatory care treatment could not have 
prevented the condition” (New York University, n.d.). Figure 3 provides a visual reference for 
the steps of the algorithm (Billings et al., 2000). 
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Figure 3: ED Classification Process 
 
PCED conditions were therefore classified by identifying all diagnoses considered to be 100% 
Non-Emergent/Primary Care Treatable by the ED utilization classification algorithm. That is to 
say that for these conditions, according to the algorithm, there is a 100% likelihood that the 
condition did not require medical care within 12 hours and that the condition should be treated in 
a primary care setting. We chose to identify PCED diagnoses only as those with 100% Non-
Emergent status so as to reduce any ambiguity in potential severity of the condition. Overall, 144 
conditions from the algorithm were used to flag diagnoses as PCED conditions. A full list of 
PCED conditions coded for in this study appears in Appendix A.   
To analyze the levels of PCED utilization by ZIP code, a ratio was calculated as the 
number of Non-Emergent (PCED) diagnoses per ZIP code over the number of Not 
Preventable/Avoidable (Emergent) diagnoses per ZIP code. By including the number of non-
preventable diagnoses in each ZIP code as controls in the denominator of the ratio, the PCED 
utilization ratio takes into account the overall ED utilization of a certain ZIP code. It thus 
normalizes PCED visits across ZIP codes with varying levels of utilization of the particular 
hospital EDs that were included in the HealthLNK data base.  The ratio normalizes primary care 
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preventable conditions to conditions that require immediate emergency care for each ZIP code. 
This same control group was used to define the dependent variable in the multilevel regression. 
Overall, 79 different conditions from the algorithm were used to classify the Not 
Preventable/Avoidable Controls. A full list of Not Preventable/Avoidable conditions coded for in 
this study appears in Appendix B.   
Spatial and Socioeconomic Data 
To model spatial accessibility to primary care physicians, locations of primary care 
physician offices in the Chicago metro area were obtained from the 2008 American Medical 
Association Physician’s Masterfile. Physicians were geocoded to point locations based on the 
office address.  Approximately 6% of physicians did not report an office address and therefore 
were geocoded to the mailing address location (McLafferty et al., 2012).  Physicians whose 
offices were within 10 km of the Cook County boundary were included in the dataset to account 
for potential use of services in neighboring counties.  The dataset comprised 6,156 primary care 
physician offices. Primary care physicians were classified as any physician with the specialty of 
Internal Medicine, Family Medicine, or General Practitioner. Multiple physicians at the same 
office were each marked with a separate point in the dataset, thus allowing for a high density of 
physicians in shared offices. 
Locations of publicly funded primary care clinics within Chicago were obtained from the 
City of Chicago. The dataset included 237 public primary care clinics in the City of Chicago, all 
geocoded to address. These clinics included Federally Qualified Health Centers, primary care 
clinics run by the City of Chicago Department of Public Health, and primary care clinics run by 
Cook County. These clinics are places where low income residents and their families can receive 
preventive and primary care (Falik et al., 2001). Research has indicated that Medicaid 
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beneficiaries who received most of their primary care at FQHCs or health centers are 
significantly less likely to visit the ED with a potentially preventable condition than those who 
receive care at other outpatient office settings (Falik et al., 2006). HealthLNK hospitals were also 
geocoded to their address locations.  
A list of Health Professional Shortage Areas (HPSAs) and Medically Underserved Areas 
(MUAs) was obtained from the Department of Health and Human Services Health Resources 
and Services Administration website (United States Department of Health and Human Services 
Health Resources and Services Administration, 2014). Primary Medical Care HPSAs and MUAs 
were downloaded for Cook County, IL at the census tract level and later combined in a GIS to 
appear as contiguous units of area. 
Socioeconomic and vehicle ownership data were obtained from the American 
Community Survey 2011 five-year estimate (United States Census Bureau, 2011a; 2011b; 
2011c). Vehicle ownership data, median income data, and percent bachelor’s degrees were 
obtained at the ZIP code level to match the geography of the clinical dataset. Finally, 
administrative boundary geographic data including Cook County ZIP codes, Cook County 
Census Tracts, and Cook County itself were downloaded as TIGER/Shapefiles from the US 
Census Bureau. The City of Chicago boundary file was downloaded from the City of Chicago 
Data Portal.  
Spatial Visualization Methods  
The following analyses were conducted to gain a preliminary perspective on the 
geographic patterns of PCED utilization in Cook County and the City of Chicago and are 
separate from the multilevel regression. First, a simple spatial distribution map of overall ED 
utilization by ZIP code was created in ArcGIS 10.2.2 (Esri, Redlands, CA). The benefit of 
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creating a map such as this was to obtain a better understanding of HealthLNK ED utilization 
patterns overall and speculate on how this overall distribution may inform other related analyses 
and affect the overall model. Ratios of PCED visits to non-preventable emergency visits were 
also mapped by ZIP code. 
Second, to determine if global spatial autocorrelation and overall spatial dependence 
exists among the PCED ratios of the ZIP codes, a Global Moran’s I test was conducted with 
queen weights at first order contiguity using GeoDa 1.4.6 (Arizona State University, Tempe, 
AZ).  By examining the overall geographic patterning of PCED ratios by ZIP code, the Global 
Moran’s I test was used to confirm whether or not local methods might be justified in the study. 
A Monte Carlo randomization test with 999 permutations was then conducted to assess statistical 
significance of the Moran’s I based on a spatially random reference data distribution.  
Third, in order to identify local hotspots and coldspots of the PCED ratio by ZIP code, 
local measures of spatial autocorrelation were calculated with GeoDa using the Local Indicators 
of Spatial Association (LISA) function. The LISA function was used to indicate the presence or 
absence of significant local spatial clusters with respect to PCED ratio value. Queen weights at 
first order contiguity were used and significance and cluster maps were created. The resultant 
map illustrates significant areas in four categories: High-High, Low-Low, High-Low, and Low-
High areas. In High-High areas, the ZIP code in question has a high PCED ratio and its 
neighbors also have high PCED ratios. In Low-Low areas, the ZIP code in question has a low 
PCED ratio and its neighbors also have low PCED ratios. High-Low and Low-High area 
designations follow the same pattern where the first unit refers to the ZIP code itself and the 
second refers to its neighboring ZIP codes. 
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Fourth, a separate local spatial clustering analysis was conducted using the Getis-Ord Gi* 
method in GeoDa. The Getis-Ord Gi* analysis produces a Gi* statistic for each feature in the 
dataset and a resultant z-score and p-value. The analysis examines each feature within the 
context of neighboring features to determine if a feature has a significantly high or low value of 
PCED ratio compared to all ZIP codes and is surrounded by ZIP codes of other high ratios of 
PCED utilization. The local sum for a feature and its neighbors is then compared to the sum of 
all features to determine its significance. 
Statistical Methods 
Descriptive analyses were first conducted to understand relative rates of PCED use 
among certain categories, namely by race, ethnicity and insurance status, and age. Additionally, 
the 10 diagnoses with the highest volume of PCED encounters and Non-Preventable encounters 
were each determined to indicate the most common reasons patients visited the HealthLNK EDs 
for such categories. Pearson’s  tests were also conducted on all categorical variables to confirm 
that observed values were significantly different than expected values. 
To analyze the spatial and socioeconomic factors associated with PCED use, a two-level 
random effects regression model was estimated with individual-level and ZIP code-level 
predictor variables. The model is a logit regression, with random intercepts and fixed slopes and 
patient ZIP code as the grouping variable. The dependent variable was a binary variable 
indicating whether the presenting primary diagnosis for each patient encounter to the ED was 
“Non-Emergent/Primary Care Treatable” or “Emergent, ED Care Needed, Not 
Preventable/Avoidable” according to the algorithm by Billings et al. (2000). Thus, the model 
identifies factors that differentiate people who use the emergency department for PCED 
conditions from those who use it for emergency, non-preventable conditions. 
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The multilevel model was composed of both fixed- and random-effects independent 
variables. The fixed effects variables—those free to vary by individual—included patient gender, 
race, ethnicity, age at encounter, and insurance status. The random effects ZIP code-level 
variables, which informed the random intercepts, included ZIP code median household income, 
percent bachelor’s degree attained, primary care office accessibility index value, publicly funded 
primary care clinic density index value (only in the city of Chicago analysis), percent of ZIP 
code designated as Medically Underserved Area, percent of ZIP code designated as Health 
Professional Shortage Area, and distance from ZIP code population weighted centroid to nearest 
HealthLNK hospital. Population weighted centroids were created by weighting the underlying 
population value of each census tract within that ZIP code. A list of variables used in the Cook 
County and Chicago regressions appear in Table 1. 
Table 1: List of Variables in Multilevel Regressions 
     
    
    Cook County Chicago 
Individual Level    
 Gender x x 
 Race x x 
 Ethnicity x x 
 Age at Diagnosis x x 
  Insurance Status x x 
ZIP code Level    
 Median Household Income x x 
 Percent Bachelor's Degrees Attained x x 
 Primary Care Physician Accessibility Index x x 
 Primary Care Clinic Accessibility Index  x 
 Percent of ZIP code Designated as MUA x x 
 Percent of ZIP code Designated as HPSA x x 
  Distance to Nearest HealthLNK Hospital x x 
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The random effects logit regression used in this analysis was modeled by the following 
equation in Figure 4, as produced by Li et al. (2011). 
Figure 4: Random Effects Logit Equation 
 
In the equation, Yij is the dichotomized outcome variable of the i th subject in the j th ZIP code 
(Li et al., 2011). For the binary outcome variable, Yij =1 if the primary diagnosis was a PCED 
condition and Yij = 0 if the primary diagnosis was not a non-preventable condition. In addition, 
xij represents the covariates, refers to the intercept and is the k th regression coefficient 
which denotes the effect on the log odds ratio by increasing xij by one unit. Finally, uj refers to 
the random effect that represents the effect of the j th ZIP code and it is assumed that uj follows a 
normal distribution with mean 0 and variance of (Li et al., 2011). Logit coefficients were then 
transformed into odds ratios, for ease of interpretation between variables. 
To develop a parsimonious regression model several predictor variable were recoded or 
transformed. Certain factors within categorical variables were grouped together. For race, groups 
with small numbers – American Indian/Alaska Native, Native Hawaiian or Other Pacific 
Islander, Declined, and Other– were combined into the ‘Other’ category, leaving four race 
categories: white, black, Asian, and other. Hispanics were removed from the race category as this 
population is already specifically classified in the ethnicity variable. Additionally, for insurance 
status, No Charge, and Other were combined into the ‘Other’ category, leaving Private, 
Medicaid, Medicare, Self-pay, and Other as the five insurance categories. Finally, to account for 
skewness and to construct a better-fitting model overall, the distance to hospital, primary care 
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clinic index, and primary care office accessibility index were all transformed by taking the 
natural logarithm of the variable.    
Observations from the original HealthLNK dataset were condensed to two separate 
datasets, one for all of Cook County, the other for the City of Chicago, in order to account for a 
different combination of variables used in the county vs. city regressions, namely that the 
county-level regression did not include the primary care clinic index. The corresponding ZIP 
code-level socioeconomic, spatial accessibility, and MUA/HPSA values were then merged with 
the clinical data in a one to many relationship such that the ZIP code-level attributes populated to 
individuals whose residences were within the respective ZIP codes. All datasets were managed 
and analyzed using Stata SE Version 13 (StataCorp, College Station, TX). 
Model postestimation assessment included the intracluster correlation coefficient (ICC) 
of the random effects as well as the likelihood ratio test. The ICC assessment looks for 
relatedness of clustered data, where similarity among patients within groups or clusters reduces 
the variability of outcomes within a cluster. The  coefficient approaches 1 as the responses 
within a cluster are identical. The likelihood ratio test takes -2 times the difference between the 
log likelihoods of the most complex model and the model with no parameters. Such a test 
confirms that the multilevel model with parameters is well-fit to the data. Finally, the overall 
probability value of the regression points to whether or not the entire model is statistically 
significant.  
Spatial Analyses for Computing Measures of Spatial Access to Health Services 
A series of spatial analyses were conducted to produce numeric values for predictor 
variables in the multilevel regression. The percentage of each ZIP code designated as either a 
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Health Professional Shortage Area (HPSA) or a Medically Underserved Area (MUA) was 
calculated. Developed by the US Department of Health and Human Services (DHHS), HPSAs 
and MUAs are areas designated by the government as lacking medical services. The primary 
indicator of both designations is the ratio of population to full-time-equivalent service providers 
in a rational service area. According to the most current information on HPSA designations 
presented by DHHS, Primary Care HPSAs exist in areas where there are 3,500 or more people 
per primary care physician (United States Department of Health and Human Services Health 
Resources and Services Administration, 2014). The criteria for determining an MUA is more 
complicated and is based on the level of the Index of Medical Underservice, which is composed 
of four variables: ratio of primary care physicians per 1,000 population, infant mortality rate, 
percentage of population with incomes below the poverty level, and percentage of the population 
age 65 and over (United States Department of Health and Human Services Health Resources and 
Services Administration, 1995).  
Given that HPSAs and MUAs were designated at the census tract level and do not 
correspond precisely with ZIP codes, it was not appropriate to designate a binary yes or no 
HPSA or MUA for each ZIP code; rather, the Tabulate Intersection tool was used in ArcGIS to 
determine the percentage of each ZIP code area that was designated as either a HPSA or MUA 
based on the census tracts within the ZIP code. These percentages were included in the random 
effects logit regression as predictor variables. Maps of the HPSAs and MUAs in the Chicago 
area appear in Figures 5 and 6. 
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Figure 5:  Health Professional Shortage Areas  
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Figure 6: Medically Underserved Areas 
 
The maps show that significant portions of the study area are designated as MUAs and HPSAs, 
evidence that significant shortages of primary care providers exist in some neighborhoods.   The 
presence of shortage areas suggests that these designations are viable variables to be considered 
in analyzing PCED use. While many of the HPSA designated areas are located in the southern 
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portions of the county, the MUA comprises more isolated areas spread throughout the central 
and southern regions of the county. 
Including these designations as variables in the model will give a good first look at 
potential spatial accessibility based on federally designated areas; however, regional health 
service availability measures such as these, where availability is estimated within fixed 
geographic areas, have important limitations. Luo and Wang (2003) citing Joseph and Phillips 
(1984) have stressed two limitations namely: (1) they cannot reveal detailed spatial variations 
within the areas and (2) they carry the assumption that administrative boundaries are 
impermeable, thus they do not account for patients being able to cross administrative lines –such 
as ZIP codes— to obtain medical care (also see Wang & Luo, 2005). Additionally, DHHS (1995) 
notes that such indicators may underestimate the supply of primary care, because they do not 
incorporate sources of primary care beyond a traditional primary care physician, such as nurse 
practitioners and physician assistants.             
Given the limitations of regional availability models such as HPSA and MUA 
designations this research also uses spatial analytic measures of spatial accessibility. Potential 
spatial accessibility to HealthLNK hospital EDs is measured by a very straightforward and 
common method: determining travel distance (impedance) to nearest provider. The measure is 
typically calculated from patient household addresses or centroids of an administrative boundary 
to the closest provider (Guagliardo, 2004).  In the case of this research, the measure calculates 
the distance from the population-weighted centroid of each ZIP code to the nearest HealthLNK 
hospital, as that is where patient ED data derive from.  
In an attempt to move beyond the limitations of distance and regional availability 
measures, researchers have developed new analytic methods that show fine-grained variation in 
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local spatial accessibility. Therefore, the third spatial accessibility measure adopted in this 
research uses kernel density estimation to estimate variables describing local spatial access to 
primary care physicians and clinics. Kernel density modeling is a very effective way of turning 
point data into continuous field data, where the surface shows the local density or intensity of 
points. The method calculates a magnitude per unit area from point features and creates a 
smoothly tapered surface. The density of points is calculated within a specified radius distance 
(bandwidth), where a smaller radius produces a density surface that has more detail and a larger 
radius results in a more generalized surface.   
To measure spatial accessibility to health clinics, a kernel density estimation surface was 
created from locations of Federally Qualified Health Centers and other publically-funded 
primary health clinics in the City of Chicago, all geocoded to the clinic address. The kernel 
bandwidth for the clinic index, 5000 meters, was determined manually, based on fit and overall 
coverage within the study area. Exact values of the clinic density surface were then extracted to 
the population-weighted centroid of each ZIP code to be included in the random effects 
regression. Higher values of the clinic density index indicate greater spatial availability of 
publicly-funded clinics.  Because data on clinic locations were not available outside the city of 
Chicago, this variable was only calculated for Chicago ZIP codes.  
To illustrate this method, a map of the publicly funded primary care clinic point locations 
appears in Figure 7 and a map of the corresponding kernel density appears in Figure 8.   
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Figure 7: Publicly Funded Primary Care Clinics  
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Figure 8: Publicly Funded Primary Care Clinics Kernel Density 
 
These maps show that areas of high clinic density are located just west of a cluster of three 
HealthLNK hospitals, as well as several miles north of downtown Chicago near the edge of Lake 
Michigan. Areas with a lower, but still noticeable density of clinics are found directly south of 
downtown, as well as toward the northwestern and southwestern portions of the city. By creating 
a variable that measures spatial density of clinics, this research includes this pathway of primary 
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care access into the overall regression model and investigates whether or not the density of 
public clinics is associated with PCED utilizations. 
Finally, kernel density estimation was used to create an index measuring spatial 
accessibility to primary care physicians across Cook County. The index takes into account 
differences in car ownership that are likely to affect the ease of accessing primary care 
physicians.  Using the geographic locations of primary care physician offices as well as vehicle 
ownership data at the census tract level, the index creates a finer scale primary care accessibility 
index than standard provider to population ratios and attempts to include some notion of 
transportation access.  The index assumes that people with cars can more easily visit primary 
care physicians located far away from their homes than people without cars. Generated in 
ArcGIS, the index is created first by producing primary care provider to car owning and non-car 
owning populations ratios at different kernel density bandwidths, 8km and 3km respectively, in 
order to represent greater mobility for people with cars than for those without cars. Then, the two 
provider to population ratios are multiplied by the proportion of tract population that does or 
does not own cars respectively, and then added together to form a composite accessibility 
surface.  The following equation in Figure 9 models the composite index.  
Figure 9: Accessibility Index 
Accessibility Index 
= (
𝑃𝐶 𝑃𝑟𝑜𝑣𝑖𝑑𝑒𝑟 8𝑘𝑚𝐾𝐷𝐸
𝐶𝑎𝑟𝑂𝑤𝑛𝑖𝑛𝑔 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 8𝑘𝑚𝐾𝐷𝐸
) × (
𝐶𝑎𝑟𝑂𝑤𝑛𝑖𝑛𝑔𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
𝑇𝑜𝑡𝑎𝑙𝑇𝑟𝑎𝑐𝑡𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
) + 
 
(
𝑃𝐶 𝑃𝑟𝑜𝑣𝑖𝑑𝑒𝑟 3𝑘𝑚𝐾𝐷𝐸
𝑁𝑜𝑛𝐶𝑎𝑟𝑂𝑤𝑛𝑖𝑛𝑔 𝑃𝑜𝑝𝑢𝑎𝑙𝑡𝑖𝑜𝑛 3𝑘𝑚𝐾𝐷𝐸
) × (
𝑁𝑜𝑛𝐶𝑎𝑟𝑂𝑤𝑛𝑖𝑛𝑔𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
𝑇𝑜𝑡𝑎𝑙𝑇𝑟𝑎𝑐𝑡𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
) 
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A visualization of this index (Figure 10) provides an initial spatial look at the spectrum of 
primary care accessibility across Cook County. The map displays the Primary Care Physician 
Spatial Accessibility Index and the population weighted centroids of each ZIP code where values 
of this index were extracted for use in the regression model. 
Figure 10: Primary Care Physician Spatial Accessibility Index 
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The map shows distinct heterogeneity of index values within the county, revealing wide 
geographic inequalities in spatial access to services. Areas of high access to primary care 
physicians are found downtown and near the cluster of HealthLNK hospitals just west of 
downtown, as well as in some of the suburban areas in the northern and western sections of the 
county. Access is high in areas with high numbers of physicians, and also in areas where 
mobility is high due to car ownership.  Lower densities were found in pockets up and down the 
center of the county. Portions of the south and eastern sections of the county—in the darkest 
blue— represent areas with the lowest density of primary care physicians when patient access to 
vehicle transport is taken into account.  
Overall, this chapter has described the study area for this research and laid out the data 
and methods used to examine PCED utilization in Cook County. Spatial methods used to 
determine geographic hotspots and coldspots of PCED utilization were described. Following 
that, the multilevel logit regression was introduced along with the individual- and ZIP code-level 
variables used to examine association with PCED utilization within the study area. An important 
strength of this study is its use of detailed measures of local spatial access to hospitals, clinics 
and primary care physicians.  These variables are included in the multilevel regression model to 
analyze the relationship between poor spatial access to primary health care services and PCED 
utilization, as discussed in the next chapter.   
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CHAPTER 4 
RESULTS 
Descriptive Analysis 
Table 2 lists the 10 most common diagnoses for PCED conditions in Cook County and 
Chicago, as well as the 10 most common non-preventable diagnoses that were used as controls in 
the spatial analyses and the regression. Recall that “non-preventable” diagnoses are those that are 
truly emergent in nature and where ED use is clearly warranted, for example, cardiac arrest and 
premature labor.  A majority of the PCED conditions and non-preventable conditions had similar 
frequencies between Cook County and Chicago. Namely, the three most common PCED 
conditions in both settings were (1) Other current conditions classifiable elsewhere of mother, 
antepartum condition or complication; (2) Disturbance of skin sensation; and (3) Pain in joint, 
pelvic region and thigh.  Similarly, the top two non-preventable diagnoses are common between 
Cook County and Chicago.  Overall, there are many more ED encounters for PCED diagnoses 
than for the non-preventable diagnoses, indicating the high frequency of ED use for conditions 
that are treatable in a primary care setting. 
Table 2: Most Common Diagnoses for PCED and Non-Preventable Conditions 
   
PCED: Cook County  
Frequency 
ICD-9 
code   
6428 648.93 Other current conditions classifiable elsewhere of mother, antepartum condition or complication 
3959 782 Disturbance of skin sensation 
2417 719.45 Pain in joint, pelvic region and thigh 
2334 625.9 Unspecified symptom associated with female genital organs 
1525 623.5 Leukorrhea, not specified as infective 
808 626.2 Excessive or frequent menstruation 
748 723.4 Brachial neuritis or radiculitis NOS 
664 461.9 Acute sinusitis, unspecified 
622 698.9 Unspecified pruritic disorder 
570 608.9 Unspecified disorder of male genital organs 
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Table 2 (cont.) 
 
PCED: Chicago   
Frequency 
ICD-9 
code   
5077 648.93 
Other current conditions classifiable elsewhere of mother, antepartum condition or 
complication 
2966 782 Disturbance of skin sensation 
1805 719.45 Pain in joint, pelvic region and thigh 
1792 625.9 Unspecified symptom associated with female genital organs 
1295 623.5 Leukorrhea, not specified as infective 
558 723.4 Brachial neuritis or radiculitis NOS 
512 626.2 Excessive or frequent menstruation 
490 461.9 Acute sinusitis, unspecified 
474 698.9 Unspecified pruritic disorder 
452 V45.89 Other postprocedural status 
 
 
 
Non-Preventable   
Cook County   
Frequency 
ICD-9 
code   
1011 644.03 Threatened premature labor, antepartum condition or complication 
873 276.7 Hyperpotassemia 
799 427.5 Cardiac arrest 
786 785.0 Tachycardia, unspecified 
666 427.31 Atrial fibrillation 
642 276.8 Hypopotassemia 
601 780.1 Hallucinations 
587 562.11 Diverticulitis of colon (without mention of hemorrhage) 
452 566 Abscess of anal and rectal regions 
446 569.42 Anal or rectal pain 
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Table 2 (cont.) 
 
Non-Preventable 
Chicago   
Frequency 
ICD-
9code Condition 
850 644.03 Threatened premature labor, antepartum condition or complication 
712 276.7 Hyperpotassemia 
624 785.0 Tachycardia, unspecified 
514 276.8 Hypopotassemia 
506 780.1 Hallucinations 
502 427.31 Atrial fibrillation 
441 562.11 Diverticulitis of colon (without mention of hemorrhage) 
438 427.5 Cardiac arrest 
352 569.42 Anal or rectal pain 
350 566 Abscess of anal and rectal regions 
  
Descriptive statistics for the numbers of PCED diagnoses and non-preventable diagnoses 
by individual-level attributes are listed in Table 3. PCED percentages by individual-level 
attributes were generally similar for the Cook County and City of Chicago datasets. Patients who 
used the ED for PCED diagnoses were predominately female, as women made up just over three 
times as many PCED patients as men. This gender imbalance may be related to the fact that the 
most prevalent PCED diagnosis for the Cook County and Chicago datasets is related to childbirth 
and therefore can only occur for women. Additionally, two of the other top ten most prevalent 
PCED conditions only exist for women– issues related to female genital organs and excessive or 
frequent menstruation. A majority of patients with PCED conditions were black, while white and 
Hispanic patients also made up sizable percentages of the PCED conditions. Privately-insured 
patients made up the largest portion of PCED diagnoses, while Medicaid, Medicare, and Self-
Pay were also important. PCED patients were distributed among all age groups, with the largest 
concentration in the middle to lower age group, 26-40 years. Patients aged 65 or older made up 
the smallest portion of PCED conditions.   
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Table 3: Individual-level Descriptive Statistics 
           
         
Categorical Variables Cook County    
City of 
Chicago   
  PCED  % Non-Prev % Total ED %  PCED  % Non-Prev % Total ED % 
    (n=29419) (n=12855) (n=750966)   (n=22517) (n=9837)  (n=576081) 
Overall   3.92 1.71     3.92 1.71   
Variable Group        
Gender         
 Male 23.91 44.06 38.93  23.48 43.16 38.54 
 Female 75.96 55.49 60.88  76.38 56.61 61.28 
Race         
 White 20.69 25.06 25.40  17.96 20.40 22.50 
 Black 56.23 49.84 51.06  58.51 53.52 53.27 
 Asian 1.19 1.50 1.52  1.27 1.42 1.57 
 Other 8.13 9.36 8.56  8.73 10.05 9.41 
Ethnicity         
 Non-Hispanic 78.89 78.21 78.90  78.70 77.34 78.39 
 Hispanic 17.00 17.55 16.96  16.81 18.25 17.05 
Insurance         
 Private 37.38 30.94 37.08  36.39 28.89 35.93 
 Medicaid 27.50 19.53 20.41  27.63 20.96 20.73 
 Medicare 18.42 33.94 22.92  19.24 34.56 23.79 
 Self-Pay 12.62 11.72 14.92  12.71 11.85 14.77 
 Other 3.47 2.76 3.82  3.43 2.82 3.89 
Age         
 12-25 25.82 13.15 19.45  26.15 13.42 18.53 
 26-40 38.69 25.29 33.47  38.62 25.71 34.10 
 41-64 27.28 39.75 35.29  26.96 39.51 35.42 
  65 or older 8.06 21.45 11.53   8.07 20.96 11.67 
 
Pearson’s 2 tests were conducted for all categorical variables to determine whether 
observed outcomes of PCED vs. non-preventable conditions in categories differ from expected 
counts. All categorical variables except for ethnicity had significant results. For Cook County 
results were as follows: Gender (2=1800, p<.001); Race (2=191.9221; p<.001); Ethnicity 
(2=2.0656, p=.859); Insurance (2=1300, p<.001). For the City of Chicago, results were as 
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follows: Gender (2=1300, p<.001); Race (2=93.2810; p<.001); Ethnicity (2=9.7656, p=.313); 
Insurance (2=942.2084, p<.001). Despite Ethnicity being non-significant in the Cook County 
dataset, it was still included in the overall model as there is still the potential that the variable 
would be significant after factoring in other covariates. 
Table 4 lists the ZIP code-level mean values for PCED versus emergency ED encounters 
for the Cook County and Chicago datasets. Many of the ZIP code level averages were similar 
between the two groups. Patients with PCED conditions came from ZIP codes with slightly 
lower levels of median household income and educational attainment. Additionally, PCED 
patients live in ZIP codes that had slightly higher percentages of Medically Underserved Areas 
and Health Professional Shortage Areas and were located slightly farther from the closest 
HealthLNK hospital. PCED patients on average lived in ZIP codes with slightly lower Primary 
Care Accessibility Index values and higher Primary Care Clinic Index values. 
Table 4: ZIP code-level Descriptive Statistics     
       
 Cook County   
Variables Non-Emergent (PCED) Non-Preventable All Diagnoses 
  mean(S.D.) mean(S.D.) mean(S.D.) 
Median Household Income (dollars) 46563.64 (18417.02) 47274.18 (18759.69) 47963.04 (19005.26) 
Percent Bachelor's Attained 27.67 (22.08) 28.10 (21.95018) 29.57 (22.00) 
Primary Care Physician Accessibility Index  .0043556 (.003148) .0043616 (.0031033) .0045105 (.0031766) 
Primary Care Clinic Index  (N/A) (N/A) (N/A) 
Percent Medically Underserved Area 26.38 (21.68) 25.18 (21.64) 25.40 (21.51) 
Percent Health Professional Shortage Area 40.47 (30.02) 38.79 (29.97) 38.49 (30.20) 
Distance to Hospital (meters) 8065.596 (6454.084) 8206.117 (6764.917) 8013.931 (6585.533) 
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Table 4 (cont.) 
 
 
 
 City of Chicago   
 Non-Emergent (PCED) Non-Preventable All Diagnoses 
 mean(S.D.) mean(S.D.) mean(S.D.) 
Median Household Income (dollars) 43396.18 (17790.45) 43865.15 (17654.05) 44974.59 (18520.77) 
Percent Bachelor's Attained 28.44 (23.15) 28.56 (23.01) 30.56 (24.15) 
Primary Care Physician Accessibility Index  .0044348 (.0033113) .0044418 (.0032559) .0046182 (.0033455) 
Primary Care Clinic Index  .055 (.032) .053 (.031) .055 (.032) 
Percent Medically Underserved Area 28.52 (18.63) 27.40618 (18.63) 27.51 (18.70) 
Percent Health Professional Shortage Area 46.62 (26.13) 45.41 (26.13) 44.59 (26.82) 
Distance to Hospital (meters) 5458.154 (3375.25) 5430.146 (3453.332) 5364.286 (3466.074) 
    
 
 
Spatial Visualization of ED Use 
A map showing the total spatial distribution of all ED visits to HealthLNK hospitals for 
Cook County appears in Figure 11 along with the locations of the HealthLNK hospitals 
themselves and the boundaries of the City of Chicago, marked with a black outline. The map 
clearly indicates that the strong majority of patients using HealthLNK EDs live in or near the 
City of Chicago. The highest concentration of patients comes from the west-central portion of 
Chicago, near three of the hospitals. Overall utilization of EDs decreases generally as distance to 
HealthLNK hospitals increases.    
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Figure 11: Overall ED Utilization by ZIP Code 
 
Given low utilization rates in some ZIP codes of Cook County, the study area for the 
spatial analysis portion of this research was confined to all ZIP codes that had at least 40 non-
preventable ED encounters (visits) in order to mitigate any skewed results due to low numbers. 
Figure 12 overlays the boundaries of the spatial analysis study area with the overall ED 
utilization to indicate the ZIP codes that were included in the spatial cluster detection analysis. 
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Figure 12: Overall ED Utilization by ZIP Code and Spatial Analysis Study Area 
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Spatial Clustering of PCED Utilization 
Figure 13: Ratio of PCED Encounters to Non-Preventable Encounters by ZIP Code 
 
Figure 13 shows the spatial distribution of the PCED ratio, measured as the ratio of 
PCED conditions per ZIP code to non-preventable conditions per ZIP code. The map indicates a 
considerable spatial heterogeneity among PCED ratios in the study area. While there are few 
obvious patterns in the map, it seems the highest ratios are found west and north of the cluster of 
three HealthLNK hospitals. Additionally, individual ZIP codes with high ratios are found in the 
northern section of Cook County as well as on the southern and western peripheries. ZIP codes 
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with lower ratios were found toward the northwestern portion of the study area as well as in the 
south central portion, directly south of the cluster of three HealthLNK hospitals. 
In order to confirm this visual analysis of spatial patterning of PCED ratios, a spatial 
autocorrelation test of the Global Moran’s I was calculated. The Global Moran’s I scatterplot 
appears in Figure 14. 
Figure 14: Moran’s I Scatterplot for PCED Ratio 
 
The Global Moran’s I test revealed a positive value of .161344 and a significant p-value of .020 
at 999 Monte Carlo simulations. This suggests that there is a positive correlation between the 
PCED ratio of a ZIP code and the ratios for its neighboring ZIP codes. That is to say that ZIP 
codes with higher ratios of PCED rate tend to be located next to other ZIP codes with high ratios, 
while ZIP codes with lower ratios tend to be located closer to ZIP codes with lower ratios. All of 
59 
 
this suggests the presence of global spatial autocorrelation among the data and points to overall 
non-random geographic patterning of PCED ratios in the Chicago study area. 
Given the presence of significant and positive global spatial autocorrelation among the 
ZIP codes, a Local Indicators of Spatial Association (LISA) analysis was conducted to determine 
local clusters of high ratios of PCED utilization.   
Figure 15: Spatial Clusters Identified by Local Indicators of Spatial Association Analysis 
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The resulting LISA map (Figure 15) indicates the presence of local clusters of high and low 
ratios of PCED use, manifested through the four High-High clusters and the three Low-Low 
clusters. These clusters indicate the presence of positive spatial autocorrelation as a ZIP code 
with a high or low ratio is surrounded by neighbors with similarly high or low ratios. The High-
High clusters suggest that areas of high ratios of PCED utilization are in the west-central portion 
of the study area, west of the cluster of three HealthLNK hospitals in the ZIP codes 60622, 
60623, 60624, and 60644, representing the neighborhoods of Wicker Park, Humbolt 
Park/Ukranian Village, East Garfield Park, West Garfield Park, and Lawndale. The Low-Low 
clusters suggest areas of low ratios of PCED utilization in the northwestern portion of the study 
area in the ZIP codes 60131, 60160, 60164, and 60634, representing the neighborhoods of 
Franklin Park, Melrose Park, Schiller Park, and Dunning. Based on the results, the three High-
High clusters were all inside the limits of the City of Chicago, while the three Low-Low ZIP 
codes were outside the city boundary. Three clusters of Low-High relationships were found, 
suggesting some level of local negative spatial autocorrelation. Overall, the results from the 
LISA analysis indicate that there is clear geographic patterning of PCED utilization in the study 
area at the local level and some distinct spatial clusters of high utilization – hotspots—exist 
within the county.   
A Getis-Ord Gi* Hot Spot analysis was also conducted to determine clusters of high and 
low ratios of PCED Utilization in the study area, as shown in Figure 16.  
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Figure 16: Hotspots and Coldspots of PCED Based on Getis-Ord Gi* Analysis 
 
The Getis-Ord Gi* analysis examines each feature within the context of neighboring features to 
determine if a feature has a high or low value of PCED ratio and is surrounded by ZIP codes of 
similarly high (or low) ratios of PCED use. The results of this analysis are very similar to the 
results of the LISA analysis as a similarly-located cluster of significantly high ratios of PCED 
utilization were found in the west central portion of the study area. These ZIP codes include 
60304, 60622, 60624, 60638, 60644, and 60651. Additionally, a cluster of significantly low 
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ratios of PCED utilization were found in the same general area as in the LISA analysis, in the 
northwestern portion of the study area. These ZIP codes include 60131, 60160, and 60164. One 
major difference between the two results is that the ZIP code 60638 in the southwestern portion 
of the study area was designated as a Low-High cluster in the LISA analysis, but is designated as 
a high cluster in the Getis-Ord Gi* analysis. This may point to the variability in the LISA and 
Getis-Ord Gi* methods, especially since this cluster consists of just one ZIP code.  
Overall, the results of the Getis-Ord Gi* analysis show that there are significantly high 
and low clusters of PCED utilization ratios in the study area. Additionally, the fact that much of 
the results in this analysis corroborate the results of the LISA analysis suggests that there are 
very clear areas of the county where, at the local level, utilization of hospital emergency 
departments for PCED conditions is significantly high relative to utilization for emergency, non-
preventable conditions.   
Multilevel Model Results 
To determine associations between individual- and ZIP code-level variables and PCED 
utilization, random effects logit regression models were estimated for Cook County and City of 
Chicago. In addition, because of potential collinearity among the spatial access to primary care 
variables, I estimated a series of regression models that included each of the access to care 
variables separately. These models were only estimated for the City of Chicago dataset.   
For the regression encompassing all Cook County observations, the Wald 2 test that at 
least one predictor’s regression coefficient does not equal zero was 3116.20 and the overall 
probability>2 for the model was <.001 suggesting that the overall model is statistically 
significant. Additionally, the LR test vs. logistic regression was significant (p<.001) suggesting 
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that this model was well-fit as a multilevel model compared to a one-level logistic regression. 
Finally, the ICC test for intraclass correlations resulted in a  value of .0058514. Given that the 
value approaches 1 as the individuals in a cluster are identical, a value of .0058514 suggests 
that there is considerable heterogeneity among the individuals of each cluster, in this case each 
ZIP code. These postestimation results suggest that this model was suitably fit to the data as a 
multilevel model. Additionally, these results suggest that the structure of the data within ZIP 
codes and the overall interactions between individual-level and ZIP code-level factors were well-
represented by a multilevel logit model.   
For the regression encompassing observations from the City of Chicago, the Wald 2 test 
that at least one predictor’s regression coefficient does not equal zero was 2208.82 and the 
overall probability>2 for the model was <.001 suggesting this model was also statistically 
significant. Additionally, the LR test vs. logistic regression was significant (p<.001) suggesting 
that this model was well-fit as a multilevel model compared to a one-level logistic regression. 
Finally, the ICC test for intraclass correlations resulted in a  value of .0030754 suggesting that 
there is likely considerable heterogeneity among the individuals of each ZIP code. Similar to the 
Cook County postestimation results, the City of Chicago postestimation results suggest that the 
multilevel model was well-fit to the data. Complete results of the Cook County random effects 
logit regression appear in Table 5 and complete results of the City of Chicago random effects 
logit regression appear in Table 6. Additionally, composite results for Chicago of the regression 
models that were estimated separately including only one area-level variable appear in Table 7.   
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Table 5: Random Effects Logit Regression- Cook County 
     
     
Variable Factor Odds Ratio Z P>z 
     
Gender Male  (reference)   
 Female 2.071723 27.38 <.001 
Race White (reference)   
 Black 1.230145 5.65 <.001 
 Asian 0.8519997 -1.58 0.115 
 Other 0.8020401 -3.43 0.001 
Ethnicity Non-Hispanic (reference)   
 Hispanic 1.273801 3.72 <.001 
Insurance Private (reference)   
 Medicaid 0.8707207 -3.85 <.001 
 Medicare 0.7334205 -8.85 <.001 
 Self-Pay 0.9349248 -1.58 0.114 
 Other 0.9907532 -0.12 0.901 
     
Age at Encounter  0.9728058 -33.29 <.001 
Median Household Income  0.9999989 -0.52 0.602 
Percent Bachelor's Degree Attained 1.003791 1.99 0.047 
Spatial Primary Care Accessibility Index (log) 1.018131 0.38 0.703 
Percent Designated MUA  1.0004 0.38 0.701 
Percent Designated HPSA  0.9998987 -0.11 0.912 
Distance to Hospital (log)  1.015426 0.50 0.620 
Constant   4.254559 4.70 <.001 
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Table 6: Random Effects Logit Regression- Chicago 
     
     
Variable Factor Odds Ratio Z P>z 
     
Gender Male  (reference)   
 Female 2.05801 23.36 <.001 
Race White (reference)   
 Black 1.195543 3.99 <.001 
 Asian 0.8972841 -0.91 0.362 
 Other 0.7655761 -3.50 0.001 
Ethnicity Non-Hispanic (reference)   
 Hispanic 1.373475 4.05 <.001 
     
Insurance Private (reference)   
 Medicaid 0.8117649 -5.06 <.001 
 Medicare 0.6970776 -8.91 <.001 
 Self-Pay 0.8782376 -2.64 0.008 
 Other 0.915644 -1.02 0.309 
     
Age at Encounter 0.9731306 -28.85 <.001 
Median Household Income 0.9999944 -1.79 0.074 
Percent Bachelor's Degree Attained 1.007537 2.94 0.003 
Spatial Primary Care Accessibility Index (log) 1.044026 0.70 0.485 
Primary Care Clinic Index (log) 0.9449584 -1.66 0.096 
Percent Designated MUA 1.002289 1.81 0.070 
Percent Designated HPSA 0.9988522 -0.99 0.322 
Distance to Hospital (log) 1.050788 1.36 0.173 
Constant   3.454564 3.71 <.001 
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Table 7: Random Effects Logit with separate spatial access variables- Chicago 
 
      
  
Primary Care Office 
Accessibility Index (log)  
Primary Care 
Clinic Index (log)  
    (odds ratio)   `   
Gender Male  (ref.)  (ref.)  
 Female 2.039 *** 2.054 *** 
Race White (ref.)  (ref.)  
 Black 1.115 ** 1.147 ** 
 Asian 0.899  0.890  
 Other 0.778 ** 0.754 *** 
Ethnicity Non-Hispanic (ref.)  (ref.)  
 Hispanic 1.316 *** 1.339 *** 
Insurance Private (ref.)  (ref.)  
 Medicaid 0.808 *** 0.804 *** 
 Medicare 0.698 *** 0.698 *** 
 Self-Pay 0.874 ** 0.876 ** 
 Other 0.923  0.918  
      
Age at Encounter   0.973 *** 0.973 *** 
      
Primary Care Office 
Accessibility Index (log)  1.085383 *   
Primary Care Clinic Index 
(log)       0.9956628   
* p<0.05, ** p<0.01, *** p<0.001     
 
Individual-Level Influences on PCED Utilization 
Overall, several of the individual-level variables and factors were significantly associated 
with PCED utilization at HealthLNK hospitals. Among the individual-level variables, being 
female was associated with higher PCED utilization: women were more than twice as likely as 
men to use the emergency department for PCED for Cook County (odds ratio= 
2.071, z=27.38, p < .001) and Chicago (odds ratio= 2.058, z=23.36, p <.001). Women made up a 
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considerably higher percentage of the overall visits to the HealthLNK hospital EDs compared to 
men, but women were even more likely than men to have PCED conditions compared to non-
preventable conditions. This finding supports the findings of previous research suggesting that 
women are more prone to preventable visits to the ED (Johnson et al., 2012; Delia, 2006; 
Billings et al., 2000). Billings et al. (2000) state that there is no reason to think men face fewer 
barriers to primary care than women and that differences in utilization patterns may merely 
reflect care-seeking behaviors and overall attitudes toward disease and risk. It is also worth 
noting again that a few of the most prevalent PCED conditions— threatened premature labor, 
symptoms associated with the female genital organs, and excessive or frequent menstruation— 
are specific only to women, perhaps driving up the odds ratio of women in the analysis.  
Race was also significantly associated with PCED utilization. In comparison to white 
patients, black patients were more likely to have PCED conditions both in the Cook County 
regression where black patients had 23% higher odds (odds ratio= 1.230, z=5.65, p < .001), and 
the City of Chicago regression as well, where black patients had nearly 20% higher odds of 
PCED utilization than white patients (odds ratio= 1.195, z=3.99, p <.001). These results align 
with previous findings about the impact of race on primary care preventable ED utilization 
(Johnson et al., 2012; Laditka et al., 2003; Delia, 2006; Oster & Bindman, 2003). Such findings 
potentially point to the fact that for black populations, primary care services are not available and 
accessible and do not meet the needs of patients who therefore seek care at EDs instead. 
Additionally, the Other race category, including Native Hawaiian or Other Pacific Islander, was 
associated with a 20% decrease in odds of PCED use compared to white patients for Cook 
County (odds ratio=.802, z=-3.43, p=.001) and about a 23% decrease in odds for Chicago (odds 
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ratio=.765, z=-3.50, p=.001). These findings may suggest higher levels of non-ED primary care 
utilization and fewer barriers to primary care for these populations. 
Ethnicity was also significantly associated with PCED utilization. Hispanic patients had a 
27% higher odds ratio of PCED compared to non-Hispanic patients in Cook County (odds 
ratio=1.274, z=3.72, p<.001) and a 37% higher odds ratio in Chicago (odds ratio=1.373, z=4.05, 
p<.001). This finding is supported by previous research suggesting that Hispanic patients had a 
higher likelihood of primary care preventable ED utilization (Billings et al., 2000; Johnson et al., 
2012). These results indicate therefore that the Hispanic population in the study does not have 
satisfactory access to and utilization of primary care options outside of the ED and as a result 
more patients are seeking primary care in the ED.  
Insurance status also played a significant role in PCED utilization at HealthLNK EDs. 
Compared to patients with private insurance, patients covered under Medicaid had lower odds of 
going to the ED for PCED conditions in the Cook County regression (odds ratio= .870, z=-
3.85, p < .001) and in the City of Chicago regression (odds ratio= .812, z=-5.06, p <.001). These 
findings are contrary to previous research that has pointed to higher levels of preventable 
diagnoses in the ED among Medicaid patients (McWilliams et al., 2011; Oster & Bindman, 
2003). They also go against the results presented in Table 3 which show that Medicaid patients 
comprise a higher percentage of PCED visits compared to both non-preventable and total visits. 
These unexpected results may be due to factors related to the model and structure of the data. 
First, the discrepancy between the descriptive results and the regression results indicates that 
while Medicaid patients are more likely to use the ED for PCED than for non-preventable 
conditions, this disparity is mainly due to individual- and ZIP code-level demographic and 
socioeconomic factors. When these variables are controlled, Medicaid patients actually have 
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lower odds of PCED use as compared to similar patients who have private insurance (the 
reference group).   
Second, the types of conditions classified as PCED and Non-Preventable may be 
affecting these results.  Based on the fact that nearly 77% of the Medicaid population is female 
and that many of the PCED and Non-Preventable diagnoses are gender-specific, there is a chance 
that lower odds ratios for Medicaid patients were due to these gender-related statistical issues in 
the model. However, removing all gender-specific diagnoses from the dependent variable still 
resulted in lower odds among Medicaid patients than privately insured patients and when 
removing gender as a predictor in the model there was no drastic change in the odds ratios. When 
a separate regression was conducted comparing PCED diagnoses to all other diagnoses –instead 
of Non-Preventable diagnoses alone—the Medicaid population had an odds ratio of PCED use 
that was significantly higher than privately-insured patients, suggesting that perhaps the 
classification of the dependent variable in this study may be a significant factor affecting the 
statistical results reflected in the Medicaid odds ratio. 
Finally, given that odds ratios are a tool for understanding relative comparisons between 
groups and that the Medicaid group’s odds ratio is only in reference to private insurance group, it 
is possible that high levels of Medicaid PCED use are being masked by even higher levels of 
privately-insured PCED use. While Medicaid patients made up a higher percentage of PCED 
admissions (27.5%) than Non-Preventable admissions (19.53%) in Cook County, the percentage 
of privately insured PCED admissions (37.38%) was also higher than percentage of privately 
insured Non-Preventable conditions (30.94%). Recall that the coefficient for Medicaid represents 
the difference between the Medicaid insurance effect and the corresponding effect for privately-
insured patients. Therefore, it is possible that although Medicaid and privately insured patients 
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both have significantly high levels of PCED utilization, the insurance effect for Medicaid 
patients is slightly lower than for privately insured patients resulting in an odds ratio below one. 
Conducting regressions with different insurance types as the reference category led to varying 
odds ratios for the Medicaid category, as Medicaid had a non-significant odds ratio when Self-
pay and Other were reference categories, and a significant odds ratio above one when Medicare 
was the reference category. These varying results emphasize that the results and subsequent 
interpretation of odds ratios are highly dependent on the reference category and that the 
significant odds ratio below one for Medicaid patients compared to privately insured patients 
should be interpreted with caution.    
The fact that all other significant insurance types had lower odds of PCED utilization 
compared to privately insured patients is contrary to previous research (Mcwilliams et al., 2011) 
and overall expectations of the study. The results of this study suggest that privately insured 
patients, while perhaps having greater access to primary care overall, have higher ED utilization 
rates for primary care-preventable conditions than do patients covered by other insurance types. 
One possible interpretation is that the odds ratio for privately insured patients is driven up by a 
wealthy subset of the privately insured group who face no financial barriers to emergency care 
and utilize the ED frequently for primary care treatable visits. Such a pattern would suggest a 
bimodal distribution of patients with PCED encounters: privately-insured patients who have few 
financial barriers to PCED utilization on the one hand, and socioeconomically vulnerable 
populations who lack access to primary care on the other hand. Overall, it is difficult to pinpoint 
the exact reasons for these unexpected results and future studies using this data could attempt to 
understand the specific mechanisms related to differences in PCED utilization associated with 
insurance coverage by private insurance and Medicaid.  
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Patients covered under Medicare also had lower odds ratios of PCED utilization 
compared to privately insured patients for both the Cook County (odds ratio=.733, z=-8.85, 
p<.001) and Chicago regressions (odds ratio=.697, z=-8.91, p<.001) and represented the lowest 
odds of any insurance type. These findings are contrary to some research suggesting higher rates 
among those covered by Medicare (Johnson et al., 2012), but they align with other research 
suggesting that Medicare patients have a lower likelihood of PCED utilization (Billings et al., 
2000). Billings et al. (2000) suggest that PCED utilization may be lower among Medicare 
beneficiaries because of nearly universal Medicare coverage among the elderly— the main 
population of Medicare beneficiaries— and the fact that most Medicare beneficiaries have a 
regular primary care physician. Moreover, elderly patients may be less likely than younger 
patients to have conditions classified as PCED conditions, because some of these PCED 
conditions only exist among younger populations, i.e. frequent menstruation and complications 
with childbirth. Also, the elderly are more prone to life-threatening non-preventable conditions. 
In Cook County, for example, nearly 85% of all patients over 65 in the dataset were Medicare 
enrollees, and patients aged 65 or older made up only 8% of the PCED diagnoses compared to 
about 21% of the non-preventable diagnoses.   
The Self-pay category was non-significant in the Cook County model, but was 
significantly associated with a lower odds ratio of PCED utilization in the Chicago model (odds 
ratio=.878, z=-2.64, p=.008). While the Self-pay category may include a range of possibilities, it 
is likely that most of these patients are uninsured, having to pay their own way for ED care 
without any aid of insurance. The fact that these patients were less likely to bring PCED 
conditions to the ED is contrary to previous studies that found uninsured patients were more 
likely to go to EDs for preventable conditions (Begley et al., 2006; Delia, 2006; Laditka & 
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Laditka, 2004).  However, a study by Oster and Bindman (2003) found that uninsured patients 
were underrepresented among patients with avoidable ED conditions. They attribute this to 
potential financial barriers the uninsured patients face in seeking ED care. Financial barriers may 
be limiting PCED utilization among uninsured patients, or creating lower levels of perceived 
access to care, therefore leading to fewer PCED visits than expected. It is also possible that EDs 
may incorrectly code some uninsured patients as Medicaid beneficiaries, or discover upon 
presenting to the ED that some uninsured patients qualify for Medicaid (Oster & Bindman, 
2003).  Finally, the Other category for insurance status—including No Charge or Other— was 
non-significant in both models. This result is justifiable as the Other category was only a very 
small portion of the dataset and likely consisted of diverse types of insurance coverage.   
Being younger also was significantly associated with higher PCED utilization, as a one 
year increase in age decreased PCED odds by about 2.7% in the Cook County regression (odds 
ratio= .973, z=-33.39, p < .001) and a similar decrease in the City of Chicago regression (odds 
ratio= .973, z=-28.85, p < .001). These results are contradictory to some previous studies that 
found older patients were more likely to visit the ED for preventable conditions (Johnson et al., 
2012, p. 1023). One possible explanation for this is that some diagnoses considered to be PCED 
conditions in this study may not be relevant for elderly people, as noted earlier. Another possible 
explanation is that privately-insured patients make up a larger portion of PCED encounters 
compared to Medicare and younger privately insured patients were linked with higher odds of 
PCED utilization. In the Cook County dataset, for example, the mean age of patients with PCED 
diagnoses was 37.67 years, whereas the mean age for patients with Non-Preventable diagnoses 
was 48.06 years. 
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Contextual Influences on PCED Utilization    
At the neighborhood (ZIP code) level, several other variables were associated either 
positively or negatively with PCED utilization. A higher median household income of a ZIP 
code was nearly significantly associated with slightly lower odds ratios of PCED utilization in 
the City of Chicago regression (odds ratio= .999, z=-1.79, p=.074), and was non-significant in 
the Cook County regression. The inverse relationship between income and PCED is supported by 
previous research showing that lower incomes are associated with higher rates of preventable ED 
visits (Billings et al., 1993). One possible explanation for this result is that people living in areas 
with higher median household incomes have greater access to primary care services than those 
living in low-income areas.  
A higher percent of residents of each ZIP code with bachelor’s degrees was associated 
with slightly higher odds of PCED utilization in both Cook County (odds ratio=1.003, z=1.99, 
p=.047) and Chicago (odds ratio=1.007, z=2.94, p=.003). Findings that higher levels of 
educational attainment are linked to higher odds of preventable ED admissions are contrary to 
the results of previous research that observed lower odds of primary care preventable ED 
utilization among people with higher levels of education attainment (Laditka et al., 2005; 
Bindman et al., 1995). Given that this measure was calculated as a percentage of each ZIP code 
rather than at the individual level there is a chance that effects of education at the individual level 
are masked by area-level observations. For example, perhaps the people with higher levels of 
educational attainment in a ZIP code are not the same people using EDs for PCED conditions; 
yet the aggregate percentage of educational attainment in an area is driving the regression 
coefficient. Having educational attainment data for each individual person would provide a far 
more accurate look at how education levels affect PCED utilization.    
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The spatial primary care physician accessibility index was non-significant in both of the 
regressions where all area-level variables were included; however it was significant when 
included as the only area-level accessibility variable in the City of Chicago regression. A higher 
index of primary care physician accessibility at the ZIP code centroid was associated with 
slightly higher odds of PCED utilization in Chicago (odds ratio 1.085, z=2.10, p=.036).  The fact 
that this variable only had a statistically significant association when included separately as a ZIP 
code-level variable indicates potential collinearity with other area-level variables, particularly 
other measures of spatial access such as the primary care clinic index.  
The positive association between spatial access to primary care and PCED utilization is 
contrary to expectations based on previous studies that link a higher supply of physicians with 
lower rates of potentially preventable hospital admissions (Laditka et al., 2005). That is to say, 
patients with more primary care options within their residential neighborhoods tend to be less 
likely to go to an ED for non-emergent conditions compared to patients with fewer primary care 
options, however these results suggest the opposite. The results of this study suggest that even 
when primary care physicians are readily available some patients may still face barriers in 
obtaining care from those physicians, whether due to financial standing, insurance status, or 
other barriers not related to residential proximity. That is to say, spatial access to care is only one 
of several other potential contributors to higher or lower PCED utilization.     
While non-spatial barriers to care may explain part of the unexpected results, it is also 
possible that the model may have misrepresented spatial access. Similar to the effect of ZIP 
code-level aggregation on the educational attainment odds ratio, modelling spatial access at the 
ZIP code-level may have obscured heterogeneous access levels at the individual address level. 
Additionally, although the spatial access measure incorporates car ownership, it does not model 
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access to public transportation such as bus or subway, both of which are highly used modes of 
transportation in Chicago. 
A high density of publicly funded primary care clinics was associated with lower odds of 
PCED utilization in the HealthLNK hospitals in the Chicago regression with all area-level 
variables (odds ratio= .945, z=-1.66, p=.096), though it was non-significant when it was the only 
spatial access variable in the regression. This finding suggests that people living in 
neighborhoods with clinics nearby are less likely to use the emergency department for PCED 
conditions than people living in neighborhoods with few or no available clinics. This finding 
supports the idea that having a greater number of primary care providers in one’s neighborhood 
is linked with fewer preventable ED admissions. Additionally, results of this regression reaffirm 
previous research suggesting that having a regular source of primary care such as a publicly 
funded primary care clinic can drastically reduce odds of preventable ED visits (Falik et al., 
2001, p. 551). The fact that this measure was not fully significant (p<.05) may reflect the fact 
that the clinic measure does not consider other facilities that provide primary care, such as urgent 
care centers and retail primary care clinics. Incorporating these other providers may paint a more 
accurate picture of how spatial access to primary care clinics affects PCED utilization in future 
studies. 
ZIP codes with more area designated as Medically Underserved Areas were nearly 
significant in their association with higher odds of PCED utilization in the Chicago regression 
(odds ratio=1.002, z=1.81, p=.070), while the variable was very non-significant in the Cook 
County model. Recall that the MUA designation is based on an Index of Medical Underservice, 
which is composed of four variables: ratio of primary care physicians per 1,000 population, 
infant mortality rate, percentage of population with income below the poverty level, and 
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percentage of the population age 65 and over (United States Department of Health and Human 
Services Health Resources and Services Administration, 1995). This finding is consistent with 
existing literature showing that higher physician availability is linked with lower preventable 
hospital visits (Laditka et al., 2005). Additionally, these results align with previous findings 
suggesting that patients with lower income (Billings et al., 1993) and patients who are older 
(Johnson et al., 2012) have higher levels of preventable ED visits.  
The variable for Health Professional Shortage Area designation was non-significant in all 
regressions conducted. These findings are consistent with findings for the spatial access to 
primary care physician index that showed little or no association between local access to primary 
care services and PCED use.  While both the MUA and HPSA designations are useful for 
various types of analyses of public health and access to care, the results from this research 
suggest that MUAs should be of more concern to researchers attempting to understand predictors 
of ED utilization. 
Finally, living farther from the HealthLNK hospitals was non-significant in all 
regressions conducted. Given that only four EDs in all of Cook County were used in this dataset, 
it is very likely that there are other EDs closer to patients that were utilized more often than the 
HealthLNK EDs, potentially affecting significance in the association between distance to 
HealthLNK EDs and PCED utilization. Having ED admissions data from more hospitals in the 
area would likely provide more accurate estimates of the effect of distance to EDs on PCED 
utilization.   
Overall, strong geographic variation in PCED utilization was found in the study area 
including statistically significant hotspots and coldspots of high use. Regression model results 
indicate that both individual and ZIP code-level factors affect the likelihood of PCED use. 
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Important individual factors include gender, as women were more likely than men to have PCED 
diagnoses; race and ethnicity as black, Other, and Hispanic populations had higher likelihoods of 
PCED use; and insurance type, as Medicaid, Medicare, and Self-pay were all linked with lower 
PCED utilization than private insurance. ZIP code-level factors were also associated with PCED 
utilization. Higher PCED odds ratios were significantly associated with higher educational 
attainment and nearly significantly associated with lower levels of median household income, 
lower levels of spatial access to primary care clinics, and higher percentages of Medically 
Underserved Areas in each ZIP code. Finally, unexpectedly, PCED utilization odds ratios were 
higher in areas with higher indices of spatial access to primary care physicians.  In general, the 
results suggest that PCED use is related to socioeconomic and demographic characteristics of 
individuals and the neighborhoods in which they live, as well as spatial access to primary care 
services.  
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CHAPTER 5 
CONCLUSION 
The utilization of emergency departments for primary care treatable conditions is related 
to a potentially complicated set of socioeconomic and health care access factors and this research 
examines what factors are important in the Chicago and Cook County contexts. From the 
broadest perspective, this research has indicated that higher odds of PCED utilization are related 
both to individual-level compositional characteristics, such as gender, race, age, and insurance 
status, as well as neighborhood-level contextual characteristics, such as living in areas with high 
access to primary care clinics and high percentages of Medically Underserved Areas. Such 
findings point to the importance of including geography alongside individual sociodemographic 
attributes into a multilevel study of PCED utilization in an urban area.  
This research has contributed to the existing literature on primary care preventable 
emergency department visits as a result of the type of data examined and the type of analytic 
methods used. The HealthLNK dataset used in the study encompassed over 750,000 observations 
over five years from four hospitals in the City of Chicago. Analyzing ED encounters from 
multiple hospitals offers a broad look at PCED utilization from a population health level 
compared to studies that focus on just one hospital. The large dataset also offers a glimpse of 
overall patterns over several years. Additionally, combining this large, detailed clinical dataset 
with innovative GIS measures of spatial access to care, distance to care, and location in areas of 
underservice into a multilevel model points to the utility of analyzing contextual factors 
alongside compositional factors. That is to say, using GIS, this research not only identified 
significant clusters of high ratios of PCED to non-preventable encounters, but also it helped to 
determine associations between PCED utilization and dynamic measures of spatial access to 
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care, measures that better reflect characteristics of the places in which people live and access 
primary health care.  
The results of the multilevel model emphasize that demographic variables are important 
factors in PCED utilization. Demographic variables such as being female, black, Hispanic and 
having private insurance were all significantly associated with higher PCED utilization. The 
findings also suggest that some spatial access variables are important contributors to PCED 
utilization, namely spatial access to primary care clinics, while others such as spatial access to 
primary care physicians are less important as many of these variables were either non-significant 
or had unexpected odds ratios. Unexpected findings may partly reflect the structure of the model 
and use of non-preventable diagnoses as the control group in the regression. 
Based on the results, this research suggests several significant policy and research 
implications relevant to several different stakeholders. First, given the association between 
higher odds of PCED utilization and living in areas of medical underservice and areas with lower 
primary care clinic accessibility, it is crucial to ensure a broad coverage of primary care services 
in areas where patients have few options for medical care. Particular attention should be paid to 
the vulnerable populations identified in the study, namely blacks, Hispanics, and women, as well 
as the most vulnerable places identified by the spatial analysis, in this case, areas in the west 
central portion of Chicago, Medically Underserved Areas, and areas with low access to primary 
care clinics. Coverage could be improved by placing primary care offices and clinics in the most 
underserved areas and areas where there are high ratios of PCED to non-preventable utilization, 
as well as by providing incentives for physicians to locate in underserved areas.  It is also 
important to work with the local public health department to ensure that accurate methods of 
measuring primary care access are utilized in future health planning. Additionally, given distinct 
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geographic heterogeneity in both the physician accessibility index and PCED ratio distributions, 
as well as the finding that higher accessibility to clinics leads to lower PCED utilization, health 
planners could work to ensure a more equitable spatial distribution of primary care offices and 
clinics throughout Cook County, especially in neighborhoods far from existing hospitals or 
physician office locations.  
Second, public health departments could improve outreach and intervention practices 
regarding utilization of primary care services. The results from the regression suggest that in 
areas where there is higher primary care physician spatial accessibility patients were actually 
more likely to have PCED admissions. While the unexpected results may in part be due to the 
design of the model, they may also suggest barriers to non-ED primary care utilization— either 
due to insurance, financial status or other reasons— rather than lack of spatial access to services. 
While improving overall access to primary care is the most fundamental population health step in 
decreasing PCED utilization, it is also important to ensure that, where primary care is available, 
patients are being educated to direct themselves to the most appropriate type of care for their 
condition. Hospitals, health systems, public health departments, and publicly funded primary 
care clinics could collaborate to ensure the message is being heard by the most vulnerable 
populations and by residents of the most vulnerable places. 
Third, this research emphasizes the importance of incorporating geography and spatial 
analysis in studies of utilization of EDs for primary care treatable conditions. Public health 
professionals and in-house hospital researchers would be well served to incorporate GIS and 
spatial analysis into studies of ED utilization to help inform future health care planning. Adding 
GIS to investigations of health care utilization provides a valuable analytical tool to help 
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determine not just what populations are at most risk for PCED utilization, but also where patients 
live who are at highest risk, and what spatial barriers they face in obtaining proper primary care. 
Finally, this research points to the potential of using clinical data from health information 
exchanges in spatial analyses to understand PCED utilization and health care utilization more 
broadly. Compared to examining data from only one hospital, using data from four HealthLNK 
hospitals is a major step forward in getting a closer look at health care utilization across 
providers and geographic areas. Health information exchanges that provide an interoperable, 
flexible infrastructure by which personal health information is shared across providers and 
platforms in a manner that preserves privacy, confidentiality, and accountability, are well suited 
to population health data analyses. By integrating a geospatial data component to the health 
records in such data exchanges—likely an address or ZIP code—researchers would be able to 
understand fine-grained geographic patterns of a range of health phenomena including PCED 
utilization, where it would be useful to identify high risk cohorts and their geographic locations. 
Additionally, it would be especially useful to connect individual patient records with data from 
outside the health care system, such as the American Community Survey data used in this 
research, to understand more about how the physical and environmental context of a patient’s 
daily life affects health outcomes (see Comer et al., 2011; Miranda et al., 2013).          
Limitations  
This research has several important limitations. From a geographic and statistical 
standpoint, this study is limited in the fact that both the geospatial analyses and the regressions 
depict a snapshot in time, whereas the clinical observations from this study exist from 2007-
2011. By conducting analyses at one moment in time this analysis potentially overlooks various 
changes in social and health care landscapes, such as changes in locations of primary care clinics 
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and physician offices, changes in sociodemographic attributes of ZIP codes, and changes in 
designations of Health Professional Shortage Areas and Medically Underserved Areas. Smyth 
(2008) points to the significant role of patient migration in studies of health disparities and the 
same concept applies to the migration of health resources and thus is extremely relevant to this 
study and potentially limiting. This issue is also exacerbated by using data from different years 
within the five year window to model this snapshot. One example is using primary care 
physician locations from 2008 and American Community Survey data from the 2011 5-year 
estimate, with 2009 being the middle year.   
Another broad-scale limitation of this study is that much of the geographic analyses were 
limited to ZIP codes as the ZIP code was the lowest scale of geographic identifier of the clinical 
data. As a result, values of several different variables including sociodemographic variables 
downloaded from the American Community Survey and spatial health care accessibility indices 
are less spatially accurate than if using census tracts, or even individual addresses. Given the 
sensitive nature of the clinical dataset used in this study and continued concerns about health 
data confidentiality, having ZIP code level geographic identifiers is considerably more accurate 
than the geographic aggregations used in some other health studies which are at the county or 
even state level; nevertheless, using actual addresses to extract spatial primary care indices 
would have been more accurate than extracting at the population weighted centroid of each ZIP 
code. By using ZIP code centroids for access indices and ZIP code boundaries for the 
neighborhood level sociodemographic variables this research is potentially affected by the 
modifiable areal unit problem, (MAUP; Bell et al., 2013; Openshaw, 1983) whereby empirical 
results differ based on the areal boundaries used. 
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Similarly, given limitations in the amount and specificity of data available, neighborhood 
designation and access to care indices were based exclusively on the patients’ home ZIP code as 
provided by the HealthLNK dataset. While residence is a good initial way of modeling 
accessibility, by not being able to account for a patient’s daily activity patterns (i.e. home, work, 
mode and route of transportation, and daily errands) this study may misrepresent spatial 
accessibility for certain patients, for example those who may have more primary care offices or 
clinics near their place of employment compared to their home. Similar concerns also apply to 
the other area-level variables used in the regression models.  The idea that daily activity patterns 
are important to studying spatial access to health care has been expressed by Cromley and 
McLafferty (2012). The authors cite a study by Matthews, Detwiler, and Burton (2005) who 
found that 90% of all daily activities exist outside of a resident’s census tract. Using daily 
activity patterns— given availability of relevant data— would lead to greater accuracy of the 
contextual variables used in this research and would be a useful addition to future research into 
this topic. 
More specifically regarding spatial primary care accessibility, the index generated in this 
research that accounted for access to vehicles is limited by not incorporating access to public 
transportation as well. Whereas access to vehicles may be the single most important contributor 
to spatial access to primary care in a rural or suburban setting, in a dense, urban setting such as 
Chicago, spatial access to care may also be affected by public transportation options. Future 
research that uses this accessibility index may wish to find ways of incorporating access to buses, 
commuter rail, and subway stops in the overall spatial primary care accessibility index. 
Additionally, the index was limited by not incorporating pediatrician office locations into the 
kernel density estimation as office location data for pediatricians were not available from the 
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AMA Masterfile. Future studies may wish either to obtain pediatrician location data or remove 
children from the datasets used in the regressions to ensure accuracy of the index.  
Determining an index of spatial accessibility to primary care clinics was also limited by 
not including other primary care providers which are not publicly funded. A more accurate and 
composite view of primary care clinic accessibility should include privately-funded, but highly 
subsidized primary care clinics, as well as any other community facility offering basic primary 
care services. Additionally, actual access to primary care clinics is dependent on which insurance 
plans each clinic accepts. That is to say, even if a patient lives very close to a primary care clinic, 
if the clinic does not accept their insurance type then the patient may not be able to use that clinic 
and may need to travel farther to access care. Without information regarding the insurance types 
accepted by each clinic the primary care clinic accessibility index may misrepresent actual 
access to clinic services.  
There are also limitations from the clinical data perspective. First, the ED encounters 
used in this analysis come from four HealthLNK hospitals in the Chicago area. While using data 
from four hospitals offers a better population-level perspective than data for a single hospital, a 
more complete study would utilize data from multiple—if not all—EDs in the Chicago area to 
model spatial predictors of PCED utilization. Though less of an issue in the ZIP codes near the 
center of the city, many ZIP codes distant from the HealthLNK hospitals had low overall 
utilization of the HealthLNK hospital EDs, and as a result many of these ZIP codes had to be 
omitted from the spatial analyses due to their small numbers of ED encounters, thus restricting 
the geographic scope of the research. Additionally, the presence of EDs not affiliated with 
HealthLNK may influence people’s use of the HealthLNK hospital EDs in complex and 
spatially-varying ways depending on the relative locations of the two types of EDs. Having data 
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from other EDs would lead to a more complete understanding of the geographic contributors to 
overall PCED use.  The fact that the data for this analysis only come from three academic 
hospitals and one safety net hospital is also a potential limitation as these hospitals may not be a 
fully representative sample of all hospitals in Chicago. It is likely that many of the non-
HealthLNK hospitals are commercially-managed and therefore serve different populations than 
the HealthLNK hospitals. Therefore, results of this analysis may be significantly different from 
those based on data from commercial hospitals. Finally, by not having data regarding patients’ 
primary care utilization, it is impossible to estimate actual individual-level primary care 
utilization choices and understand when or where EDs are utilized for primary care instead of 
clinics or primary care physicians.  
Finally, the classification system that was used to identify PCED conditions and Non-
Preventable conditions in the dependent variable has potential limitations. Recall that this study 
used a dichotomous dependent variable indicating whether the condition was considered 100% 
non-emergent and primary care treatable or whether it was 100% non-preventable and warranted 
immediate emergency attention based on the Billings algorithm. By dichotomizing the variable 
in this way this study ensures that analysis models conditions that are undoubtedly either non-
emergent or non-preventable. However, dichotomizing in this manner also has a few potential 
consequences in the analysis. First, the design of the dependent variable restricts the number of 
observations included in the regression models. For example, of the nearly 751,000 observations 
in Cook County only about 5.6% were included as part of the regression—3.92% PCED and 
1.7% non-preventable. Using a different cutoff for the PCED diagnoses, for example any 
diagnosis above 50% non-emergent, is likely to result in different statistical outcomes. This 
separate cutoff also increases the sample size of the PCED diagnoses overall, nearly three times 
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as much for Cook County. Similarly, if a different set of diagnoses were used as controls instead 
of 100% non-emergent there would also likely be different outcomes. Second, some of the 
unexpected findings of this study may more reflect behaviors associated with the control group – 
non-preventable, emergency ED visits – than with specific contexts or behaviors associated with 
PCED. By using 100% non-emergent diagnoses as controls in the model this analysis adjusts for 
overall illness in a ZIP code that is treated at HealthLNK hospital EDs. While this is useful for 
showing how PCED utilization compares to non-preventable diagnoses, there is a chance that 
some of the regression results are more driven by utilization for non-emergent diagnoses than 
PCED diagnoses, which are ultimately the main focus of this research. Future analyses with this 
data could try to avoid this limitation by reworking the dependent variable as a continuous 
variable in a linear regression that represents the percent likelihood that the condition is a PCED 
diagnosis according to the Billings algorithm. Altering the dependent variable in this way would 
eliminate the chance that non-preventable diagnoses are driving the regression results. Overall, 
the specific definition of the dependent variable is key in this analysis as it may greatly affect 
both the number of and types of conditions coded as PCED as well as the regression results. 
Looking forward: PCED Utilization and the Affordable Care Act 
Results from this analysis are especially timely given the recent establishment of the 
Affordable Care Act (ACA) and its planned changes to the health care system of the United 
States. Signed into law in March of 2010, the ACA contains numerous changes to the health 
system, chief among them a mandate to provide health insurance to around 40 million Americans 
not currently covered by some type of health insurance. The law also contains policies to address 
specific deficiencies in the current health system (Burge & Schade, 2014). Many of the new 
stipulations are aimed at better quality and coordination of care, namely, providing new 
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incentives to foster better coordination and quality for clinical practice, giving more information 
to physicians to make them better providers, giving patients more information to make better 
consumer decisions, and changing parts of the payment cycle to reward value (Burge & Schade, 
2014; Kocher et al., 2010).  
Additionally, some measures aim to improve insurance and primary care coverage, the 
portions of the ACA most salient to this study. One of the most significant changes is the 
expansion of Medicaid to all citizens at 133% of the federal poverty line (Responsible Reform 
for the Middle Class, 2010). Additionally, to improve primary care, the ACA calls for temporary 
increases in Medicaid and Medicare payments to primary care providers, support for the 
innovation of primary care delivery, enhanced support for primary care providers, and sustained 
investment in primary care workforce (Burge & Schade, 2014). Moreover, the program calls for 
a set of free preventative services to all patients, such as screening for certain conditions and help 
with self-managements of conditions (Burge & Schade, 2014). The ACA also focuses on 
recruiting more medical students into primary care by investing $1.5 billion from 2011-2015 for 
the National Health Service Corps to provide scholarships and loan forgiveness for primary care 
practitioners, nurses, and assistants who practice in underserved areas (Davis, Abrams, & 
Stremikis, 2011). 
Federal and state policy makers have suggested that expanding Medicaid would reduce 
unnecessary and inefficient use of EDs because of increased primary care access and health 
overall (Taubman et al., 2014). It is still too early to investigate the change in PCED utilization 
before and after ACA; however, researchers have looked at the effects of Medicaid expansion at 
the state level. In a study of the effects of the Medicaid lottery system implementation in Oregon 
on preventable ED rates, Taubman et al. (2014) used the algorithm developed by Billings et al. 
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(2000), the same algorithm used in this study, to examine changes in preventable ED utilization. 
While the researchers found an increase in ED visits for all types of conditions with newly 
acquired Medicaid coverage, the greatest increase occurred among the primary care treatable 
visits and non-emergent visits (Taubman et al., 2014). The authors speculated that enrolling in 
Medicaid after being uninsured did not decrease ED visits wholesale because it did not yet 
improve health or increase access to and use of primary care (Taubman et al., 2014). The authors 
also discuss how reducing the cost of ED care for patients dependent on EDs for primary care 
could increase use of EDs and ultimately drive up costs and that patients may actually experience 
greater real or perceived access to ED care (Taubman et al., 2014). Still, looking further ahead, 
the authors suggest channels by which Medicaid may ultimately decrease preventable ED visits, 
namely providing more care for patients in doctors’ offices and an overall improvement in health 
that would lead to fewer ED visits overall.  
Given somewhat unexpected results regarding Medicaid patients in this study it is 
difficult to provide any concrete conclusions about the effect of the ACA Medicaid expansion 
from this study alone. Results suggest that Medicaid enrollees were about 15-20% less likely 
than privately-insured patients to present non-emergent conditions in HealthLNK EDs, but 10-
13% more likely than Medicare patients to use EDs for PCED conditions. However, based on the 
results from the Oregon lottery research and the fact that in this research Medicaid patients still 
made up a greater portion of PCED visits compared to non-preventable visits, it seems that in the 
short term, Medicaid expansion may increase preventable ED visits. With improved real or 
perceived financial access to health care, patients may elect to use the ED for primary care 
services more often until they are able to access lower-cost primary care providers – physicians, 
clinics, and other health practitioners -- in close proximity to their neighborhoods. Moreover, due 
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to the Medicaid expansion, Medicaid may soon cover a greater portion of poor patients 
compared to disabled patients, therefore driving up PCED rates in the short term as lower income 
has been linked with higher PCED utilization in this study.  
It seems then that only when a sufficient primary care network is in place will Medicaid 
expansion likely be associated with reduced PCED utilization. As a result, it is extremely 
important that the ACA be effective in expanding and improving access to primary care, one of 
the main emphases of the program. Burge and Schade (2014) discuss a trend of common 
difficulties for both patients and physicians that the ACA will attempt to mitigate. Patients face 
difficulties accessing care— namely long waits and trouble getting appointments. Additionally, 
physicians have expressed difficulties in providing the proper care, because many patients have 
trouble paying for services and physicians are poorly connected with ambulatory services and 
information resources that are needed to provide well-coordinated care. If the ACA succeeds in 
eliminating barriers to primary care, and it becomes convenient, efficient, and economically 
feasible to treat patients in primary care settings, it seems PCED utilization may ultimately 
decrease.  
Overall, the problem of high levels of primary care preventable ED admissions is not one 
that will be solved overnight and may even get worse before it gets better. Still, the hope of 
increased primary care coverage from the ACA, as well as the availability of spatial analytic 
models to target interventions to the most vulnerable places and populations, provides 
opportunities to tackle the challenge of preventable ED utilization. Improvements in preventable 
ED rates could on the whole lead to better primary care for vulnerable populations, less crowded 
EDs, and lower costs for all parties, surely a welcome change for hospitals, public health 
departments, and patients alike.    
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APPENDIX A: NON-EMERGENT (PCED) CONDITIONS 
ICD-9 
code Description 
37313 Abscess of eyelid 
5370 Acquired hypertrophic pyloric stenosis 
5224 Acute apical periodontitis of pulpal origin 
4610 Acute maxillary sinusitis 
4619 Acute sinusitis, unspecified 
38200 Acute suppurative otitis media without spontaneous rupture of eardrum 
5651 Anal fistula 
V7261 Antibody response examination 
4476 Arteritis, unspecified 
7234 Brachial neuritis or radiculitis NOS 
6808 Carbuncle and furuncle of other specified sites 
3540 Carpal tunnel syndrome 
4720 Chronic rhinitis 
38110 Chronic serous otitis media, simple or unspecified 
07811 Condyloma acuminatum 
71840 Contracture of joint, site unspecified 
37182 Corneal disorder due to contact lens 
27700 Cystic fibrosis without mention of meconium ileus 
V722 Dental examination 
6930 Dermatitis due to drugs and medicines taken internally 
6931 Dermatitis due to food taken internally 
7083 Dermatographic urticaria 
1103 Dermatophytosis of groin and perianal area 
1105 Dermatophytosis of the body 
V727 Diagnostic skin and sensitization tests 
7820 Disturbance of skin sensation 
71907 Effusion of joint, ankle and foot 
V7286 Encounter for blood typing 
V7212 Encounter for hearing conservation and treatment 
V7211 Encounter for hearing examination following failed hearing screening 
V7232 
Encounter for Papanicolaou cervical smear to confirm findings of recent normal 
smear following initial abnormal smear 
6030 Encysted hydrocele 
1274 Enterobiasis 
72690 Enthesopathy of unspecified site 
37800 Esotropia, unspecified 
V720 Examination of eyes and vision 
6262 Excessive or frequent menstruation 
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72691 Exostosis of unspecified site 
37034 Exposure keratoconjunctivitis 
7094 Foreign body granuloma of skin and subcutaneous tissue 
5296 Glossodynia 
36043 Hemophthalmos, except current injury 
7891 Hepatomegaly 
37311 Hordeolum externum 
6111 Hypertrophy of breast 
0090 Infectious colitis, enteritis, and gastroenteritis 
6288 Infertility, female, of other specified origin 
1349 Infestation, unspecified 
6110 Inflammatory disease of breast 
7324 Juvenile osteochondrosis of lower extremity, excluding foot 
V7262 Laboratory examination ordered as part of a routine general medical examination 
V7260 Laboratory examination, unspecified 
6235 Leukorrhea, not specified as infective 
2725 Lipoprotein deficiencies 
61172 Lump or mass in breast 
185 Malignant neoplasm of prostate 
V045 Need for prophylactic vaccination and inoculation against rabies 
V037 Need for prophylactic vaccination and inoculation against tetanus toxoid alone 
23770 Neurofibromatosis, unspecified 
7955 Nonspecific reaction to tuberculin skin test without active tuberculosis 
V719 Observation for unspecified suspected condition 
7714 Omphalitis of the newborn 
71598 Osteoarthrosis, unspecified whether generalized or localized, other specified sites 
1179 Other and unspecified mycoses 
64893 
Other current conditions classifiable elsewhere of mother, antepartum condition or 
complication 
47829 Other diseases of pharynx, not elsewhere classified 
4928 Other emphysema 
72679 Other enthesopathy of ankle and tarsus 
V7219 Other examination of ears and hearing 
37999 Other ill-defined disorders of eye 
6084 Other inflammatory disorders of male genital organs 
V7269 Other laboratory examination 
77439 Other neonatal jaundice due to delayed conjugation from other causes 
V501 Other plastic surgery for unacceptable cosmetic appearance 
V4589 Other postprocedural status*had incorrect frequency, originally 
6961 Other psoriasis 
68609 Other pyoderma 
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6108 Other specified benign mammary dysplasias 
70589 Other specified disorders of sweat glands 
5258 Other specified disorders of the teeth and supporting structures 
V7285 Other specified examination 
V708 Other specified general medical examinations 
V7283 Other specified pre-operative examination 
6988 Other specified pruritic conditions 
6258 Other specified symptoms associated with female genital organs 
7088 Other specified urticaria 
07819 Other specified viral warts 
78799 Other symptoms involving digestive system 
72709 Other synovitis and tenosynovitis 
72705 Other tenosynovitis of hand and wrist 
59789 Other urethritis 
38860 Otorrhea, unspecified 
71944 Pain in joint, hand 
71945 Pain in joint, pelvic region and thigh 
1329 Pediculosis, unspecified 
1322 Phthirus pubis [pubic louse] 
07812 Plantar wart 
6271 Postmenopausal bleeding 
V7241 Pregnancy examination or test, negative result 
V7242 Pregnancy examination or test, positive result 
V7240 Pregnancy examination or test, pregnancy unconfirmed 
V7281 Pre-operative cardiovascular examination 
V7284 Pre-operative examination, unspecified 
V7282 Pre-operative respiratory examination 
V7263 Pre-procedural laboratory examination 
7051 Prickly heat 
6981 Pruritus of genital organs 
5183 Pulmonary eosinophilia 
2720 Pure hypercholesterolemia 
68601 Pyoderma gangrenosum 
68600 Pyoderma, unspecified 
V725 Radiological examination, not elsewhere classified 
37993 Redness or discharge of eye 
7296 Residual foreign body in soft tissue 
V7231 Routine gynecological examination 
0569 Rubella without mention of complication 
7092 Scar conditions and fibrosis of skin 
73730 Scoliosis [and kyphoscoliosis], idiopathic 
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V741 Screening examination for pulmonary tuberculosis 
V802 Screening for other eye conditions 
7063 Seborrhea 
69010 Seborrheic dermatitis, unspecified 
7827 Spontaneous ecchymoses 
69271 Sunburn 
37515 Tear film insufficiency, unspecified 
7244 Thoracic or lumbosacral neuritis or radiculitis, unspecified 
0829 Tick-borne rickettsiosis, unspecified 
38830 Tinnitus, unspecified 
2449 Unspecified acquired hypothyroidism 
4919 Unspecified chronic bronchitis 
5269 Unspecified disease of the jaws 
07799 Unspecified diseases of conjunctiva due to viruses 
71996 Unspecified disorder of joint, lower leg 
6089 Unspecified disorder of male genital organs 
2529 Unspecified disorder of parathyroid gland 
3849 Unspecified disorder of tympanic membrane 
V729 Unspecified examination 
V709 Unspecified general medical examination 
3899 Unspecified hearing loss 
V479 Unspecified problems with internal organs 
6989 Unspecified pruritic disorder 
6259 Unspecified symptom associated with female genital organs 
0709 Unspecified viral hepatitis without mention of hepatic coma 
07810 Viral warts, unspecified 
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APPENDIX B: NON-PREVENTABLE CONDITIONS 
ICD-9 
code Description 
7877 Abnormal feces 
566 Abscess of anal and rectal regions 
5400 Acute appendicitis with generalized peritonitis 
5401 Acute appendicitis with peritoneal abscess 
5409 Acute appendicitis without mention of peritonitis 
41001 Acute myocardial infarction of anterolateral wall, initial episode of care 
41021 Acute myocardial infarction of inferolateral wall, initial episode of care 
41011 Acute myocardial infarction of other anterior wall, initial episode of care 
41041 Acute myocardial infarction of other inferior wall, initial episode of care 
41091 Acute myocardial infarction of unspecified site, initial episode of care 
5770 Acute pancreatitis 
51881 Acute respiratory failure 
436 Acute, but ill-defined, cerebrovascular disease 
56942 Anal or rectal pain 
541 Appendicitis, unqualified 
42731 Atrial fibrillation 
42732 Atrial flutter 
4260 Atrioventricular block, complete 
4275 Cardiac arrest 
43491 Cerebral artery occlusion, unspecified with cerebral infarction 
43411 Cerebral embolism with cerebral infarction 
43401 Cerebral thrombosis with cerebral infarction 
5771 Chronic pancreatitis 
5772 Cyst and pseudocyst of pancreas 
7811 Disturbances of sensation of smell and taste 
56211 Diverticulitis of colon (without mention of hemorrhage) 
56210 Diverticulosis of colon (without mention of hemorrhage) 
5305 Dyskinesia of esophagus 
6390 
Genital tract and pelvic infection following abortion or ectopic and molar 
pregnancies 
7801 Hallucinations 
5780 Hematemesis 
7863 Hemoptysis 
5789 Hemorrhage of gastrointestinal tract, unspecified 
2760 Hyperosmolality and/or hypernatremia 
2767 Hyperpotassemia 
2768 Hypopotassemia 
56081 Intestinal or peritoneal adhesions with obstruction (postoperative) (postinfection) 
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431 Intracerebral hemorrhage 
0846 Malaria, unspecified 
1539 Malignant neoplasm of colon, unspecified site 
1838 Malignant neoplasm of other specified sites of uterine adnexa 
1830 Malignant neoplasm of ovary 
3229 Meningitis, unspecified 
2390 Neoplasm of unspecified nature of digestive system 
V715 Observation following alleged rape or seduction 
3314 Obstructive hydrocephalus 
43311 Occlusion and stenosis of carotid artery with cerebral infarction 
37601 Orbital cellulitis 
7906 Other abnormal blood chemistry 
78009 Other alteration of consciousness 
56039 Other impaction of intestine 
20280 Other malignant lymphomas, unspecified site, extranodal and solid organ sites 
51882 Other pulmonary insufficiency, not elsewhere classified 
42613 Other second degree atrioventricular block 
07889 Other specified diseases due to viruses 
56949 Other specified disorders of rectum and anus 
51909 Other tracheostomy complications 
4270 Paroxysmal supraventricular tachycardia 
1363 Pneumocystosis 
515 Postinflammatory pulmonary fibrosis 
65813 Premature rupture of membranes, antepartum condition or complication 
V412 Problems with hearing 
514 Pulmonary congestion and hypostasis 
36000 Purulent endophthalmitis, unspecified 
5691 Rectal prolapse 
430 Subarachnoid hemorrhage 
41071 Subendocardial infarction, initial episode of care 
7850 Tachycardia, unspecified 
64403 Threatened premature labor, antepartum condition or complication 
2875 Thrombocytopenia, unspecified 
63790 Unspecified abortion, without mention of complication,  unspecified 
63791 Unspecified abortion, without mention of complication, incomplete 
3529 Unspecified disorder of cranial nerves 
7746 Unspecified fetal and neonatal jaundice 
5609 Unspecified intestinal obstruction 
73026 Unspecified osteomyelitis, lower leg 
4359 Unspecified transient cerebral ischemia 
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34620 
Variants of migraine, not elsewhere classified, without mention of intractable 
migraine without mention of status migrainosus 
55220 Ventral, unspecified, hernia with obstruction 
 
 
